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Risk Management, Pricing and Portfolio Makeup System and Method 

FIELD OF THE INVENTION 

The present invention relates to a method of managing the risk associated with a set 
of investments and/or financial instruments. More specifically, the present invention relates to a 
5 system and method of determining, quantifying and/or managing risk versus return in an 
investment portfolio and/or determining pricing for investments and/or instruments. 

BACKGROUND OF THE INVENTION 

Risk Management systems are known and are commonly employed by financial 
institutions, resource-based corporations, trading organizations, governments or other users to make 
1 0 informed decisions to assess and/or manage the risk associated with the operations of the user. 

One popular example of a known risk management system is the Risk Watch V3 . 1 .2 
system, sold by the assignee of the present invention. This system is very flexible and allows users 
to employ models of the instruments in the user's portfolio, which models are evaluated at 
appropriate time intervals, in view of a range of possible scenarios. Each scenario comprises a set 

IS of values for the risk factors employed in the models, at each time interval, and each scenario has 
an assigned probability. The resulting risk values of the instruments when evaluated under each 
scenario at each time interval of interest are then used to produce one or more risk metrics which 
are examined to assess the risk to the user of holding the portfolio of instruments under the 
evaluated scenarios. Perhaps the most common risk value is the monetary value of the instrument 

20 or instruments under consideration, although other risk values including deltas, gammas and other 
computed values can also be employed. By combining these risk values appropriately, desired risk 
metrics can be obtained so that the user can identify opportunities for changing the composition of 
the portfolio to reduce the overall risk or to achieve an acceptable level of risk. 

However, problems exist with known risk management systems and methods. For 
25 example, while the existence of a general trade off between risk and return is intuitive, in complex 
trading environments and/or large portfolios it can be difficult to assess and/or to exploit this trade 
off and yet it is always desired to maximize the return of an investment for selected level of risk. 
Previous attempts to maximize return for a given level of risk have included using a mean-variance 
framework or using the Markowitz efficient frontier, which is produced by minimizing portfolio 
30 variance subject to specified levels of portfolio return. With these measures, the make up of the 
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portfolio can be altered to bring the risk/reward measure into line with the desired results. 

While such previous attempts have provided a useful assessment of the risk reward 
trade off, their accuracy and/or merit has been the subject of some debate as these assessments are 
based on historical information respecting the portfolio. In other words, with existing assessment 
systems, the risks and rewards are assessed in view of the past performance of the instruments in 
the portfolio, and thus assumes, explicitly or implicitly, similar results in the future, and any error 
in this assumption affects the accuracy of the results. Further, such prior attempts have ignored 
issues such as the aging of investments (i.e. bond coupons maturing into cash, instruments 
themselves maturing, etc.) and settlement/liquidity of instruments. 

Another problem with the prior art risk management systems and methods is that 
broad simplifying assumptions must be made for instruments or exposures which do not exist (will 
not be created until some point in the future, eg. - 90 day T-Bill whose start date is two years away) 
or for which appropriate pricing information is not available. To date, risk management systems 
have required simplifying assumptions to be made for such circumstances, even when such 
assumptions may be in conflict with conditions under one or more scenarios. 

It is therefore desired to have a method and system of assessing and/or exploiting 
the trade off between risk and reward to select the make up of a trading portfolio and/or to provide 
pricing information. 

SUMMARY OF THE INVENTION 

It is an object of the present invention to provide a novel method and system for risk 
management, pricing and portfolio makeup which obviates or mitigates at least some of the above- 
identified disadvantages of the prior art. 

DETAILED DESCRIPTION OF THE INVENTION 

The assignee of the present invention has developed a new system, framework and 
methodology for determining and analyzing risk. This new development is referred to herein as a 
Mark to Future framework and is described in co-pending U.S. patent application 09/323,680, the 
contents of which are incorporated herein by reference. 

The assignee of the present invention has also developed a system and method for 
use with the Mark to Future framework which allows for the evolution, or aging, of portfolios 
according to rule-based strategies. This system and method is described in co-pending U.S. patent 
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application 09/324,920, the contents of \s4iich are incorporated herein by reference. 
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Imagine an archer capable of hitting a 'mark* as far off 
as 800 yards. That 'moment of impact' will actually 
happen in the future. The target is selected, allowances 
are made for field conditions, target movement, wind 
velocity and direction, angle of flight, the degree of draw, 
timing and breathing—and then, thhhhp! 

For 20,000 years, on every inhabited continent except 
Australia, the longbow was an extraordinarily effective long 
distance killer— a tool to mark the future. English archers, 
often outnumbered by as much as 8 to 1, were capable 
of striking targets at a ratio of 1,000 to 1! Prince Napoleon 
put it this way, "A first-rate English archer, who in a 
single minute was unable to draw and discharge his bow 
12 times with a range of 240 yards, and in these 12 shots 
once missed his man, was very lightly esteemed." 
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This comprehensive guide is the first in a 
series of documents that will| describe the 
Mark-to- Future methodology ijn detail. 

In Part 1: Overview, we provide a description of the framework advocated by 
U.S. regulators. This, in conjunction with a brief history o( risk nidnd^einent 
systems and regulatory and supervisory requirements, serves as an intioouclion 
fur the Mark-to- Fin ure framework. A brie* overview ot the methodology is 
provided and concludes with a dctailCG presentation and discussion ot 
benefits of tne methodology. 

In Part 2: The Mark-tu-Future Methodology, we present a detailed, step-by-step 
discussion or the methodology- Those inteiested in understanding lite pditiculars 
of instrument, product and portfolio mapping will find the pertinent details 
here. Finally, a new model tor trading-otiirisk and reward, the Put/Call efficient 
frontier, is described. Also presented is a! discussion cf the richness of scenario 
modelling and an introduction to mnovatjve methods of generating forward- 
looking scenarios. It is our dope that tfnswtll stimulate interest in tnis critical 
area of risk management research. Anyone concerned about the ability of the 
Mark -to- Future framework tn provide consistent and rnmprehen<iive measures 
of risk and reward and to accommodate changes to practise ana supervision 
should review the selected, not exhaustive, list ot measures that can be 
produced based on the Maik-to-Future Cube. 

In Part 3: Technology Considerations, we i use a case study based on a 
hypothetical global bank to illustrate thejneeri for a framework such as 
Ivlark-io-Future. The many benefits ot tho distributed Mark-to-Future process 
are compared to the limitations of traditional, centralize risk management 
systems. A case study based on an actual imolementation of Mark-to-Future 
at HypoVefeuisbank is used to discuss practical considerations 

In Part 4: Advanced Applications, we present an interesting selection ot 
advanced applications that address important problems in risk management. 
Topics include: tne accurate measurement ot counterparty risk, the integration 
of market and credit risk, the measurement ut risk ever lung hoiuons usnhj 
dynamic portfolios mid the development uf tools to optimally restructure 
portfolios. Each of these applications is t>uilt r.n a Mark-m-Future Cube 
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Executive Summary viii What to Mark-to-Future? 

Ron Dembo introduces Mark-to-Future. 



part 1 1.2 chapter 1 A Call for a Framework 

Overview A description of the risk -profiling system and framework advocated by 

Governor Meyer and Alan Greenspan, respectively, serves as a backdrop 
for the introduction of the Mark-to-Future framework. 

1 .4 chapter 2 The Risk Management Landscape 

A brief, historical overview of risk management systems and regulatory 
and supervisory requirements is provided as a context for the discussion 
of the benefits of the Mark-to-Future framework. 

1.6 chapter 3 A Brave New World of Risk 

A high level overview of the Mark-to-Future framework. 

1.8 chapter 4 The Bottom Line 

The benefits of implementing the Mark-to-Future framework. 

1.16 chapter 5 The Six Steps 

A brief introduction to the six steps of the Mark-to-Future framework. 
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part 2 

The Mark-to-Future 
Methodology 



2.2 



chapter 1 Introduction 

An introduction to the Mark-to-Future Cube and the six steps 
of the methodology. 



2.5 chapter 2 Step 1: Define the Basics Instruments 

A description of how basis instruments, which will ultimately be 
contained within the Basis Mark-to-Future Cube, are selected. 

2.10 chapter 3 Step 2: Define Scenario Paths and Time Steps 

This chapter discusses in detail the definition of scenarios and the 
time horizons over which the scenario paths will be generated. 

2.21 chapter 4 Step 3: Produce the Basis Mark-to-Future Cube 

An explanation of how the Basis Mark-to-Future Cube is generated. 

2.22 chapter 5 Step 4: Produce the Product Mark-to-Future Cube 

A review of the issues surrounding the mapping of financial products 
into basis instruments to form the Product MarMo-Future Cube. 

2.28 chapter 6 Step 5: Produce a Portfolio Mark-to-Future Cube 

A description of the prxess by which portfolios and portfolio 
strategies can be mapped into the Product Mark-to-Future Cube. 

2.32 chapter 7 Step 6: Produce the Desired Risk/Reward Measures 

Post-processing the portfolio Mark-to-Future Cube to obtain 
meaningful risk measures through time. 

2.36 chapter 8 Trading Off Risk and Reward 

An in-depth look at the Put/Call Efficient Frontier. 
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part 3 3.2 chapter 1 An Enterprise-Wide Mark-to-Future Implementation 

Technology A hypothetical case study that demonstrates how a global financial 

Considerations institution can obtain timely and meaningful risk results in a 

decentralized Mark-to-Future implementation. 

3.16 chapter 2 Distributed Mark-to-Future Architecture 

A review of the components required to create a distributed system 
around Mark-to-Future. 

3.22 chapter 3 Mark-to-Future at HypoVereinsbank 

A review of the business drivers behind HypoVereinsbank's decision 
to implement a Mark-to-Future architecture for enterprise risk 
management and how they've benefited from it. 



CA 02290888 1999-11-26 

010 

mark 



p a r t 4 4.4 chapter 1 Calculating Credit Exposure & Credit Loss 

Ad va need This case study examines the estimation of credit exposure and credit 

Mark-tO-Future toss of a sample portfolio of derivative transactions. The resu Its from an 

Applications estimation performed using a Monte Carlo simulation are compared to 

the amounts of exposure and loss obtained under the method 
recommended by the Bank for International Settlements. 

4.18 chapter 2 An Integrated Market & Credit Risk Portfolio Model 

A multi-step model, that integrates exposure simulation and portfolio 
credit risk techniques, is used to measure portfolio credit risk, wit 
overcomes the major limitations currently shared by portfolio models 
with derivatives and is computationally efficient because it combines a 
Mark-to-Future framework of counterparty exposures and a conditional 
default probability framework. 

4.34 chapter 3 Liability Management Using Dynamic Portfolio Strategies 

This paper couples dynamic portfolio strategies with scenario generation 
in a simulation methodology to determine how the costs and risks of a 
liability portfolio evolve over time. 

4.44 chapter 4 Beyond VaR: From Measuring Risk to Managing Risk 

Simulation-based tools for portfolio risk management are developed and 
applied to examine the VaR contribution, marginal VaR and trade risk 
profiles of two example portfolios. 



CA 02290888 1999-11-26 

- Oil 



to future 



www.mark-to<f uturo.com 
editor* 

Judith M. FarvokJen. Marianne C. Kupina 
authors 

Ron S. Oembo, Andrew Aziz, Bob Boettcher, 
Judith M. Farvoldcn. Alexandra Shaw, Michael Zero* 

contributors 

(Jane Beam, Stephanie Collins, Helmut Mausser, 
Tammy McCausland, Ben de ftisco. Dan Rosen 

creative & art direction 

Scott Thomley + Company Inc. 

web kite crtatlfe 

STC WebWork* 

web tlte development 

STC WebWorks, Dale Fallon, Marianne C. Kupina 




Algorithmic* Incorporated 

Algorithm tcs Incorporated was founded in 1989 as a response to the 
complex issues surrounding financial risk management for the enterprise. 
Today, as the leading software provider with the most experienced team 
in the industry, Algorithmic* continues to focus Its efforts on creating 
and implementing enterprise risk management software that meets 
the evolving needs of its customer*. Headquartered in Toronto, with 
14 offices around the world. Algorithm tcs serves more than 100 global 
financial institutions and corporations. 

Algorithmic* Incorporated 
Corporate Headquarters 
185 Spadina Avenue, 
Toronto. ON Canada M5T2C6 
phone: 416*217.1500 
fait 416-971.6100 

infoOm8rk-to-luture.com 
www.alggrithniics.com 



OI999. 2000 Algorithmic! Incorporated. 29 11 -99 

All rights moved. Errors and omissons excepted. 
Neither this nutilicatlon nor any »rt ftt it 
may be reproduced, stored in a retrieval system, 
or transmitted in any form or by any means, 
electron c. mechanical, photocopying, recording 
or otherwise, without the prior permission nJ 
Algorithmic* iiccporated. 

All brand name* and product names are trademarks 
or reg-stered trademarks of their respective holder*. 

There are no representation! or warranties, express 
0' implied, es to the applicability for any particular 
purpose of any of the material contained here n, 
and Algorithm ci accepts no liaoillty lor any loss 
or damages, consequential or otherwise, arising 
from any use of the said material. 



tU 



CA 02290888 1999-11-26 



012 



What 




? 



mark to future . 



An Executive Summary by Ron Oembo 



Ten years ago, Algorithm ics was formed in response to 
the complex issues surrounding rfsk management in 
banking. At that time, even the most advanced financial 
institutions associated risk management with delta- 
hedging an options book. We recognized then that to 
proactively measure and manage risk and reward, one 
needed to know the total exposure of the institution 
across all of its global activities. This gave birth to what 
is today referred to as enterprise risk management or 
ERM. Since then, our software has helped to transform 
the way in which approximately 100 banks, asset 
managers, insurance companies and corporations, in 
18 countries, are able to measure their risk and manage 
their capital. At the heart of our software solution is the 
Mark-to-Future methodology. 

Today, we are making Mark-to-Future generally 
available as a proposed new standard for risk/reward 
management. This radically new approach to risk 
management significantly extends current methodologies. 
It conforms not only with existing regulatory 
requirements, but also to proposed regulatory changes. 
It responds perfectly to the calls by regulators for a 
comprehensive framework and not 'formulaic approaches 



to risk' (Greenspan 1999). As the first truly forward-looking 
risk/reward framework, we believe Mark-to-Future will 
revolutionize the industry by profoundly affecting the way 
risk management and capital allocation is conducted in 
financial institutions. Most importantly, since Mark-to-Future 
is a generic framework and not a measure, we believe it will 
be able to evolve with risk management practice. 

Mark-to-Future allows for portfolios that may change 
over time and under differing scenarios. By taking into 
account the effects of changing portfolios at future points 
in time, a more realistic assessment of risk is possible. 
Mark-to-Future also provides a natural basis for linking 
market, credit, liquidity, legal and other sources of risk. 
It also provides a unified framework for calculating the 
risk/reward trade-off of any combinations of these risks. 

In a Mark-to-Future world, the focus is on scenarios 
and instruments, not portfolios. Since the framework is 
additive, the Mark-to-Future of a portfolio is simply the 
same combination of each instrument's Mark-to-Future. 
Accordingly, once a decision has been made with respect 
to the future scenarios and the instruments one is likely 
to trade, the Mark-to-Future values of these instruments 
may be computed well before the actual portfolio 
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Determine the value of your position today 
and then choose the horizon over which risk 
is to be measured. 



Choose a wide range of scenarios to 
describe all possible future events. 
Scenarios should include extremes and 
those that contradict popular opinion. 
Then, assign a likelihood to each scenario. 



Value your aged portfolio at the horizon 
under each future scenario. Once the 
values have bem computed, it is possible 
to determine the Regret end Upside. The 
Risk-Adjusted Value of the portfolio is 
simply the Upside — Regret 



composition has been determined. This makes computation 
of marginal near-time risk/reward measurement feasible, 
even for large institutions. With current methods this is 
impossible, since prior to a risk calculation one needs to 
assemble all portfolios centrally, which is extremely time 
consuming and fraught with difficulty. 

Most importantly, Mark-to-Future will break down 
significant barriers to the risk service bureau business and 
make risk management outsourcing a reality, by making it 
possible for institutions to obtain risk management 
services without divulging their portfolios. This will level 
the playing field and put smaller institutions on an equal 
footing with even the biggest of banks. The same risk 
management analytics, formerly very expensive and 
available to only the largest financial institutions, will be 
easily accessible. Ultimately, this will lead to far more 
extensive and better risk management worldwide. 

Mark-to-Future will also revolutionize application 
development. Today a risk management system must be 
all things to all people. Mark-to-Future eliminates the 
need for monolithic applications; instead, software can be 
created to meet the specific needs of each and every 
business unit within financial institutions. These 'thin 



client' applications will be network-enabled and will 
access pre-computed Mark-to-Future data. Because 
applications can be built quickly and easily and do not 
require a large investment, they may be modified quickly 
to adapt to an ever-changing risk management landscape. 

This document is the result of a collaborative 
undertaking by an extremely knowledgeable, dedicated 
and talented workforce at Algorithmics over a 10-year 
period. It is not abstract theory. The ideas presented 
here have been tried and tested and are available in 
our products today. 

The Mark-to-Future framework is the latest milestone 
in an incredible journey to solve the future of risk/reward. 
This document is the first in a series of documents that 
will describe the Mark-to-Future methodology in detail. 
We anticipate that this framework will evolve and grow 
over time and consequently welcome and look forward to 
your feedback. Updates to the methodology will be posted 
on www.mark-to-future.com. 




Ren S. Own bo, Toronto, Nonmb* 29, I960 
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ovemor Meyer, of the US Federal Reserve Board 
r O (1999), has vigorously advocated increasing both the 
scale and the scope of public disclosure of information 
for various risk categories, most notably credit exposure 
and credit concentration. However, there are many 
challenges when coupling minimum capital regulation 
to the internal risk-profiting system of a bank. While he 
has identified internal bank systems as the first lines of 
defense in the prevention of undue risk-taking, he is 
quick to point out that supervision and regulation should 
not duplicate the efforts of increasingly sophisticated, 
internal best-practice risk management systems. 

Still, supervisors and regulators must have confidence 
that these risk management systems are sufficient. In a 
recent address. Alan Greenspan, Chairman of the US 
Federal Reserve Board (Greenspan 1999a), questions 
the suitability of formulaic approaches and espouses the 
development of a framework that is adaptable to the 
inevitable changes in supervision and regulation: 

We are striving for a framework whose underlying goals 
and broad strategies can remain relatively fixed, but 
within which changes in application can be made as 
both bankers and supervisors learn more, as banking 
practices change, and as individual banks grow and 
change their operations and risk<ontrol techniques. 
Operationally, this means that we should not view 
innovations in supervision and regulation as one-off 
events. Rather, the underlying framework needs to be 
flexible and to embody a workable process by which 
modest improvements in supervision and regulation at 
the outset can be adjusted and further enhanced over 
time as experience and operational feasibility dictate. 
In particular, we should avoid mechanical or formulaic 
approaches that, whether intentionally or not effectively 
'lock' us into particular technologies long after they 
become outmoded. We should be planning for the 
long pull, not developing near-term quick fixes, it is 
the framework that we must get right The application 
might initially be bare-boned but over time become 
more sophisticated. 



Mark-to-Future (MtF), a proposed new risk-reward 
management framework, systematically satisfies the 
requirements set out by both Meyer and Greenspan. 

MtF is a comprehensive, yet flexible, methodology that 
links disparate sources of risk and provides a means for 
calculating the risk/reward tradeoff for all types of risk 
within a single, unified framework. In a MtF framework, 
linking these disparate sources of risk is natural and 
occurs at the scenario level. Scenarios that embody 
simultaneous changes in market, credit, and liquidity 
states naturally provide correlated, consistent output, 
from which risk measures thai link these sources of risk 
can be calculated. New sources and measures of risk, 
therefore, can be easily incorporated. Further, innovations 
in supervision and risk management best-practice can be 
readily accommodated: neither practitioners nor 
regulators are locked into so-called formulaic approaches. 

As Greenspan contends, risk management is all about 
the fundamentals: it is the framework that we must get 
right In the remainder of this document, we introduce 
this new MtF methodology in great detail and describe 
how this framework can significantly advance risk 
management practice and oversight. ® 



1.3 part 1 Ovtrvltw 
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TheRiskManagement 

Landscape 



The Evolution of 
Financial Markets 

Over the last two decades, the impact of 
telecommunications and information technology on 
capital markets has been staggering. The complexity of 
financial instruments has risen dramatically: the more 
individuals trade, the more innovative financial securities 
become. This globalization of financial markets and the 
securitization of non-traded assets has dramatically 
expanded the range of investment opportunities. 
The Internet is igniting a global transformation, where 
Web-based finance will become the dominant force in 
the new world economy. 

Financial innovation has also increased the number 
of investment choices. As the space of attainable risk- 
reward combinations has widened, markets have become 
more complete and efficient. However, the potential 
for suffering significant losses has also grown. It is 
relatively easy for a handful of traders to create very 
large, leveraged positions, as the near-collapse of Long 
Term Capital Management and the demise of Barings 
demonstrated. Financial institutions and their clients 
are often unaware of the magnitude of potential 
downside losses. 

The relevance of modern risk management techniques 
to financial institutions and their clients has increased 
in parallel. Risk measurement techniques that combine 
the risks of different asset classes and business 
units consistently at the enterprise level are now 
considered essential. 



pan 1 Owtnrifw 1.4 
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The Evolution 

of Risk Measurement 

and Management 

In response to these market trends, the financial 
industry has developed a comprehensive set of 
best-practice guidelines for the measurement and 
management of market risk at an enterprise level. The 
twenty recommendations for dealers and end-users of 
derivatives published by the Group of Thirty (G-30) in 
1993 (G-30 1993) still serve as a reference point for all 
subsequent regulatory and industry efforts to refine and 
advance best-practice. The RiskMetrics methodology 
(JP Morgan 1996) and quantitative regulatory standards 
(BIS 1996, 1997) have become important benchmarks 
for the estimation of market risk. 

Deficiencies in credit risk management have caused 
much of the recent turmoil in the financial markets. 
In many instances, such as in the recent Asian crisis, 
a market risk provoked significant credit and liquidity 
events. Market-, credit- and liquidity-sensitive exposures 
pose special challenges to the modeling of counterparty 
credit exposures when exposures are contingent on 
unknown future events. 

The Counterparty Risk Management Policy Group 
(CRMPG) has recently published a report on advancing 
counterparty risk management practices {CRMPG 1999). 
Both the BtS and the CRMPG stress the importance of 
modeling contingent exposures correctly (BIS 1999c. 
CRMPG 1999). In response to these challenges, the 
estimation of counterparty credit exposures is moving 
from a static add-on approach (BIS 1988) to an extended 
add-on framework (ISDA 1998), and towards a statistical 
estimation of potential future exposures (BIS 1999c). 



Common industry standards for the modeling of portfolio 
credit risk continue to evolve. Several methodologies such 
as CreditMetrics (1997). CreditRisk* (Credit Suisse 
Financial Products 1997) or CreditPortfolioViewer (Wilson 
1997a, 1997b) have been proposed. The problem with all 
of these methods is that they treat credit risk in isolation. 
They ignore the fact that credit and market risk are 
inextricably linked. Treating these risks independently oi 
one another makes the proper modeling of credit 
derivatives and market risk exposures next to impossible. 

Following the near-collapse of Long Term Capital 
Management in 1998, industry workgroups and regulators 
have promoted the proper measurement of liquidity risk 
(CRMPG 1999. BIS 1999a, BIS 1999b). The CRMPG 
distinguishes two categories of liquidity risk: 
(1) asset liquidity, the ability to sell or unwind positions; 
and (2) funding liquidity, the ability to meet obligations 
when due (CRMPG 1999). 

In addition, the BtS has recently proposed principles 
for the management of credit risk and for the integrated 
management of market, credit and liquidity risk (BIS 
1999d, 1999e). 

In summary, then, it is clear that regulatory 
requirements and industry best-practice are converging 
on the need for an integrated risk measurement 
framework that 

• aggregates risk consistently across many asset classes 

• captures the interaction of market, credit and 
liquidity risk 

• combines statistical risk measures for market 
and credit risk and includes stress testing 

• supports risk oversight for the enterprise and 
for local trading desks. <§> 



l.S part I Ovtrwtow 



CA 02290888 1999-11-26 



A Brave 








A FRAMEWORK FOR MEASURING RISK . 
(net a risk measure) 

f OR WAR D - LOOK I NG 

(ta*es account ot luturc events, scenarios) 



PROPER FORWARD VALUATION 
(scenario dependence, forward P&L) 

RISK OVER TIME 

DYNAMIC PORTFOLIOS 

NATURALLY LINKS MARKET. CREDIT, LIQUIDITY. 
LEGAL AND OPERATIONAL RISK 

COMPUTES RISK / RETURN TRADE-OFF 

FOCUS IS ON INSTRUMENTS. NOT PORTFOLIOS 



foho remains constant i 



As we have ccen. nG where 10 
that more due than m luirfiicial mar keis and in the risk 
mana£rment industry The need lor a nsk inducement 
framework that is adaptable to Ihese ongoing and 
inevitable changes has never been greater. 

Enter Mar Mo-Future. Mark to Future is the first truly 
toward -looking ficiinewurk for lisk'rev.'ard measurement 
and management. Unlike eovai iauee-ba;,ed rfU'proaehes 
which assume a port folio remains const ant Civcr time 
and that returns or values are noimally distributed 
Mark -to -Future makes no ouch assumptions. The 
framework accounts for all events between the present 
and some future tune hereon, including trie effects of 
settlement. Cdsli acuwnlniy and future value of agin^, 

Tn look forward in time, one needs to consider the 
portfolio under many different scenarios (Figure 3.1). 
However, many instruments' have a valuation that is 
scenario-dependent. Consider an AA fixed -rate corporate 
bund. The price of the bono* is sensitive lo market and 
credit risk. Scenarios mi-lude simulated changes in 
market rates, credit spreads and credit downgrades. 
When a credit downgrade to say, A occurs, the simulated 
A credit spread curve rather than tnc AA curve has to be 
used together with the market rate mi that scenario. It the 
same A A curve were used under all scenarios, or if the 
market or spread volatility were not considered, the true 
risk of the instrument would not be captured and the end 
result would be misleading risk information. To properly 
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flgnt IA: The MtF framework ccntldars the poflfoflo under many different 
scenarios at future points in lime 

value the risk of such instruments, the reinvestment risk 
of the settled coupons must also be taken into account. 

Mark-to- Future is not a static framework with a view 
towards a single horizon or a model for extrapolating risk. 
It explicitly incorporates the passage of time (Figure 3.2). 
Consider a 10-day Zero-Coupon bond. The 10-day VaR 
should be 0; that is, there is no risk at 10 days. However, 
a methodology that computes forward risk by simply 
extrapolating risk forward in time, would generate a 
positive VaR number and result in an incorrect allocation 
of capital. With this new paradigm, trading strategies 
such as dynamic hedging can be modeled through 
event-based rules. The end-result is a portfolio whose 
composition is both time and scenario dependent. 
Thus, the risk of trading desks whose positions change 
over time and under scenarios can be measured. 

Scenarios, not summary statistics, serve as the core 
input information in a Mark-to-Future framework. Except 
in extreme cases, very few practitioners can determine 
whether a summary statistic— -such as a covariance 
matrix— is reasonable or not. Further, only for a very 
specific set of scenarios can a single parameter truly 
describe the robustness of that distribution. In risk 
methodologies that use a summary statistic as the key 
information input, a set of scenarios is implied. The 
Mark-to-Future framework, in contrast, forces one 
to be explicit about the scenario choice. These scenarios 
must span all possible future outcomes over relevant 
time steps and be forward-looking in nature. 

History is an excellent source for reasonable event 
sequences. These events can be considered reasonable 
because they have actually occurred. If there are no 
fundamental shifts in the underlying market structure 



and there is a long history, historical scenarios span 
the range of future events. To be truly forward-looking, 
though, these scenarios should contain events not 
currently in the information set. Yet, some markets, 
such as those for Internet stocks or emerging markets, 
are too new to have sufficient history. 

With some careful analysis, however, and a broad 
perspective on where information for scenario generation 
can be found, it is possible to find ways to supplement 
the 'normal' scenarios that might be obtained from recent 
history. By explicitly selecting scenarios, it is possible 
to incorporate both normal and stress scenarios and 
de-couple scenario choice from the choice of risk measures. 

One of the more challenging aspects of risk manage- 
ment, as observed earlier, is linking market, credit and 
liquidity risk. In a Mark-to-Future framework, linking 
these disparate sources of risk is natural and occurs at 
the scenario level. A scenario, for example, might include 
credit downgrades and interest rate changes. Once that 
scenario is defined, and a model for valuation agreed 
upon, the Mark-to-Future methodology links these 
disparate risks. It is then possible to generate consistent 
Mark-to-Future output, from which risk measures that 
link these sources of risk can be calculated. The 
framework simplifies the approach needed to integrate 
these risks/rewards for capital allocation purposes. 

It is clear, then, that the Mark-to-Future methodology 
unequivocally 'answers the call* for a new risk 
management framework (Appendix A). It incorporates 
forward-looking scenarios that account completely for 
all potential future events and their effect on the future 
value of financial instruments. Since the framework 
incorporates risk over time, the change in portfolios can 
be measured. Most importantly, Mark-to-Future makes it 
possible to link disparate sources of risk within a single, 
unified framework.® 



95% VaR vs. Time 
Rguv X2: Mtf VaR of Band Call with 
Rainvastmaiit This graph highlights the 
anporuncfl of computing risk over ibne. 
The largest exposure may occur before the 
hc-rlioa, shown here as the dotted fine 



1.7 part 1 OnrvlM 



CA 02290888 1999-11-26 



THE PRODUCTION OF DAILY CONSOLIDAI ED. 
CONSISTENT, AND COMPREHENSIVE ENTERPRISE 
RISK MANAGEMENT REPORTS HAS CHALLENGED 
MANY SOPHISTICATED FINANCIAL INSTITUTIONS. 

THE MARK-TO-FUTUHE PARADIGM ADDRESSES 

f 

NOT ONLY THE METHODOLOGICAL ISSUES. AS 
DEMONSTRATED IN THE PREVIOUS CHAPTER, BUT 
ALSO THE TECHNICAL AND IMPLEMENTATION ISSUES 



OF A GLOBAL RISK MANAGEMENT FRAMEWORK 



At the heart ol ihe Mir framework is the p.enerdtion 
oi a 3 -dimensional cube of MtF v/dlues (Fiyure 4.1). 
Tnis cube contains dlt the infumidttun inquired to 
compute fisk/rewdrd. MtF bepdiates the simulation 
(cube coMiputdtton) frnrn I he statistics used 10 compute 
ribU jnd reward measures. The same MtF Cube may 
he used to compute multiple scenarios. 




P 
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A Key benefit of the MtF hdtnev.'ork hun <u\ dichik-ciui.il 
perspective is Uuil when scendri'is dnd time sh'ps are 
UMis^tenl between MtF ruhf-s. the MtF vdlu^s dr-:: strictly 
ddililive dlong tlir instrument dimension . Thus, in a 
MtF world, the tcjeus is Ofi instruments, not poitionos. 
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By calculating the risk of the underlying instruments, 
massive reductions in computation time are possible, 
since the risk of the portfolio is a simple linear 
combination of the risk of each instrument within 
the portfolio. This allows for a scalable solution to be 
achieved with a decentralized architecture and process. 

Further, the creation of a global MtF Cube can be 
accomplished within a distributed environment and 
computed at different points in time through the 
generation of multiple component MtF Cubes that are 
then aggregated. The production of these cubes can be 
distributed over multiple servers; these servers may be 
centrally located or geographically dispersed (Figure 4.2). 
These cubes appended together form a consolidated 
basis. This radically alters the potential architecture 
for a global risk management implementation. 



No Need to Consolidate End-of-Day Positions 
Traditional, centralized risk management requires that all 
end-of-day positions be confirmed and assembled before 
risk can be calculated (Figure 4.3). Thus, the speed with 
which you can process an enterprise risk management 
(ERM) analysis is inherently limited to the speed with 
which you can gather all of the data on portfolios. 

Typically, it might take 6 hours or more to assemble 
positions in a warehouse, assuming nothing has gone 
awry. Only then does risk computation begin. Thus, even 
if the risk calculation time was negligible, a run would 
take over 6 hours. This precludes any type of true 
marginal risk computation in real time. 

In a MtF framework, the enterprise-wide process for 
the consolidation of risk and reward measurement need 
not be delayed by the reconciliation of portfolio positions 
across the organization. The generation of the Basis 
MtF Cube can begin as soon as market price data 
becomes available. 

Thus, the majority of the simulation work may be 
completed before positions are known. This can radically 
reduce the overall computation time for an enterprise 
risk calculation. 



Line 
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Compute Once, Use Many Times 
Many portfolios have common instruments. Simply 
consider the number of times throughout the day 
that the same bond is evaluated for many different 
purposes in an investment bank. 

By focusing on instrument valuation by scenario rather 
than on portfolios, MtF takes advantage of the fact that 
if the scenarios and time horizons are consistent, the 
MtF vectors are additive; that is, risk is linear in MtF 
space. Any combination of the MtF values of the 
individual portfolios has a MtF that is a sum of their 
individual MtF values (Figure 4.4). By storing the MtF 
of a comprehensive set of basis instruments, the value 
of any portfolio is simply a linear combination of the 
value of these instruments, regardless of whether they 
are linear or non -linear. 




flgsra 14: The MtF solution: Vstues under tcinartoi ind through tints art 
Bddiitve (i.e. Mtf taWaxl. 



The MtF of a basis instrument, therefore, only needs to 
be computed once. MtF enables a 'compute once, use 
many times' approach which radically reduces the 
computing power required for global and local risk 
reporting and intra-day analysis. 

Aggregating Along Multiple 
Portfolio Hierarchies 
Typically, a global risk report includes summary 
risk information aggregated along multiple portfolio 
lines— by business unit, by product and risk factor type or 
by counterparty. The portfolio MtF is simply the sum of 
the instrument MtF values, weighted by the size of the 
position, along each of the stipulated portfolio lines. 

Accordingly, the MtF of any alternate portfolio 
hierarchy is the simply a weighted sum of any set of 
instrument MtF values. Thus, 'on-the-fly* drill-down and 
aggregation analyses can be performed in the course of 
supporting daily activities. 



Correction of Errors and Omissions 
Inevitably, omissions, updates and errors in preliminary 
positions occur. The draft portfolio is a portfolio with 
MtF values that exclude the missing position. Although 
processing occurs before confirmation of end-of-day 
positions in a MtF framework, omissions are easily 
corrected. The correct MtF values of the portfolio can be 
calculated by executing an action to add the MtF vector 
of a missing, or reconciling, position of the correct size 
to the MtF values of the draft portfolio. 

Consider a position in a bond future for which the 
wrong position size has been entered. The preliminary 
position is a portfolio with a MtF value that includes the 
wrong position. The correct portfolio MtF values can be 
calculated by executing a reconciliation action to reverse 
the MtF values of the incorrect position, rescale the 
product MtF cube by the right position size, and add the 
resulting MtF values to the portfolio MtF cube. Because 
MtF values are additive, a full revaluation is avoided. 

As a second example, consider a position in a bond 
for which the wrong coupon rate has been entered. 
Again, the correct portfolio MtF value can be calculated 
by executing a reconciliation action to reverse the MtF 
values for the position in the bond with the wrong rate 
and simultaneously add the MtF values for the position 
of the same size in a bond with the correct rate. 

In these two cases, the reconciliation is a simple 
matter of adding a new MtF vector, or reversing one 
vector and adding another. More complicated 
reconciliation actions are composed of these simple 
components. For example, if the coupon rate for the 
bond underlying a bond option is in error, a series of 
reconciliation actions would 

• calculate the instrument MtF for the correct bond 

• calculate the instrument MtF for the bond future 

• calculate the instrument MtF for the bond option 

- reverse the MtF vector on the incorrect bond option 

• add a new MtF vector for a bond option with the 
correct rate. 

Thus, any errors, omissions and updates in positions can 
be corrected as a subsequent adjustment exercise. 

Marginal Deal Analysis 
The additivity property of the MtF framework also 
enables near-time marginal risk calculations at the desk 
level. By precomputing the MtF data and releasing it 
across a global network, consistent risk numbers are 
easily distributed across the organization. 

This has significant business benefits. Consider the 
incremental impact of a new deal on the credit exposure 
to two alternative counterparties. While the potential 
exposure of the new deal is the same on an absolute 
basis for each counterparty, the deal may act as a 
natural hedge for the exposure to one counterparty 
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on a marginal basis while increasing the exposure 
to the other counterparty. 




Rgon 4Jc The Disposable' Apple itiort The MtF paradigm mikw k possible 
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Lightweight Applications 
With this new approach, it is now possible to create 
applications designed to meet the needs of individual 
business units within a financial institution (Figure 4.5). 
Applications— such as a simple VaR calculator for a 
bond desk or a mark-to-market calculator for a mortgage- 
backed securities desk— are much quicker and simpler 
to create when MtF data is available. These applications 
can be built within a short period of time and revised 
and adopted quickly to meet changing business needs. 
Because of the ease with which these can be built, 
customization to the specific needs of individuals 
within the institution can be met. 

Security Issues Surrounding 
Proprietary Holdings 

The current portfolio is a necessary input in traditional 
risk measurement; all analytics are applied to the 
portfolio object. In a traditional 'pull' system, service 
bureaus offering risk reports to their clients must 
collect the details of proprietary holdings to prepare 
these reports. 

A financial institution or service bureau that has 
adopted MtF can distribute an adequate subset of the 
Product MtF Cube to business units or clients. Using 
custom applications, the business units or clients can 
then calculate the necessary risk measures at the desired 
level of aggregation. They need not transmit sensitive 
information concerning their portfolio holdings. This is 
likely to have a profound effect on the growth of risk 
outsourcing and service bureaus. It will also level the 
playing field. Small institutions will have access to the 
same quality risk tools as large banks. 



Dynamic Strategies 

Modeling Dynamic Risk Over Long Time Horizons 
The risk of a portfolio can vary greatly over time. To 
measure risk over time, it is important to model the 
change in portfolio composition. These changes may 
be due to portfolio aging, which leads to settlement 
and re-investment, with associated funding and collateral 
costs. Portfolio changes may also be a result of dynamic 
strategies designed to change the characteristics of a 
portfolio in response to market events. 

It is also the case that for longer horizons that are 
appropriate for pension funds, asset managers and 
strategic decisions, the dynamics of a portfolio cannot 
be ignored. To measure risk dynamically, simulation 
over multiple periods is necessary (Figure 4.6). 




Bane 4fc MF tracks risk over time {Fending. Retnvestneot Liquidity. Hedging, ttc.l 



To model the dynamics of a portfolio, the use of a regime 
or dynamic portfolio strategy is necessary. A regime is a 
set of rules, which describe the conditions under which 
the composition of a portfolio is to be changed at a 
specified time. Delta hedging is an example of a regime 
that is based on recent history and varies depending upon 
the scenario. The rule might be 

// the net delta of the portfolio and the hedge is more 
than 3% away from the desired net delta of zero target, 
rebalance the hedge using futures. 

A more complicated rule, might have an additional 
clause such as 

// margin on the derivatives book is below s, liquidate 
sufficient bonds to raise it to 5. 

Any logical expression based on information known 
determlnisticalty at the point at which the expression is 
to be evaluated, is valid. 

This way of modeling the dynamics of a portfolio has 
significant computational advantages. 



1.11 put 1 Ottnrte* 



CA 02290888 1999-11-26 



025 




Rom U: Mtf takes all portfolio effects into account, mctutfnj iny event 
thai might affect the tofwerrj value. Proper cart and coBaterel accovnting U 
required (or MtF. 



It presumes that the number of possible interesting 
regimes is small and then enumerates over all of them. 
For a trading desk or an asset/liability committee, it is 
reasonable to assume that there are only a small number of 
interesting regimes. By making the regimes a determin- 
istic function of the scenarios, what is inherently an 
intractable multi-stage, multi-period stochastic optimiza- 
tion problem with thousands of risk factors, is reduced to 
an easily solved single stage, multi-period problem 
(Figure 4.7). 

Portfolio Aging, Settlement and Reinvestment 
As a portfolio ages, it spins off cash which is settled or 
re invested into other instruments. The total risk in a 
portfolio includes re-investment risk. Dynamic portfolio 
positions can be adjusted to credit and debit cash and 
collateral (or physical) accounts as positions mature. 
Re-investment risk can be measured by accounting for 
the changes to the cash and collateral accounts, by 
scenario. A necessary aspect of MtF is, therefore, the 
proper forward accounting of cash and collateral 
required to support these positions (Figure 4.8). 



Measuring Liquidity Risk 
Liquidity risk can be measured by creating scenarios on 
appropriate risk factors and by defining the appropriate 
liquidation regimes. A regime for liquidation describes 
parameters for determining the speed and cost with 
which a portfolio can be liquidated. Liquidation may also 
depend on simulated liquidity risk factors such as trading 
volume. Each scenario path generates MtF values and a 
fluctuating cash/collateral account. At any time point, 
therefore, there is a distribution of MtF values and of the 
cash/collateral required to support this portfolio. The 
distribution of MtF values provides a measure of market 
risk adjusted for asset liquidity. The distribution of the 
changes to the collateral/cash account over time is a 
measure of funding liquidity risk (Figure 4.9). 

The graph depicts the risk of a portfolio containing US 
treasuries, Gilts, liquid stocks, illiquid stocks and illiquid 
corporate bonds (Figure 4.10). The view to the left 
illustrates the value of the cash account over time and 
by scenario. The histograms to the right aggregate these 
values into a frequency distribution at three different 




Root 1% Funding Liquidity Risk: Each scenario path creates a fluctuating 
cash/collateral account 




Hgora 4,10: Collate rat Dynamic Risk hi the MtF Framework. The distribution of 
changes to die collateral/cash account i» a measure of funding Bqukfcy risk from 
which time dependant liquidity VeflT can be computed. 
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Rem 4.11: Vinous liquidation rtgimes affect the VaR over tkm. 



time steps. To illustrate liquidity effects, we demonstrate 
how various liquidation regimes might affect the value of 
VaR over time (Figure 4.11). 

Integrated Market, 
Credit and Liquidity Risk 

One of the more challenging aspects of risk management 
is linking market, credit and liquidity risk. In a MtF 
framework, linking these disparate sources of risk is 
natural and occurs at the scenario level. Scenarios that 
embody simultaneous changes In market, credit and 
liquidity states naturally provide correlated, consistent 
MtF results, from which risk measures that link these 
can be calculated. A scenario, for example, might include 
both credit downgrades and interest rate changes. Once 
that scenario is defined, and a pricing model specified, 
MtF links these risks and accounts for the inherent 
correlation. 

Traditional risk management systems often separate 
stress testing and standard market risk calculations. In 
a MtF framework, stress tests and normal market events 
are contained within the same MtF Cube. The same 
calculation steps apply to both categories of scenarios 
consistently. Only when MtF values are post-processed 
to calculate risk measures are the appropriate probability 
weights applied to scenarios in each category. The MtF 
cube, without choice of probability weights, contains 
very useful information for risk management purposes. 

Any computation of risk/return trade-offs and risk- 
adjusted return is based on the same pre-computed MtF 
cube, whether simple market risk scenarios, stress tests 
or simultaneous market and credit risk scenarios are 
specified. In this sense, MtF is a unifying framework that 
simplifies the integration of risk and reward measurement 
for capital allocation purposes. 



Consistent Measures of Risk and Reward 
The MtF framework links disparate sources of risk, and 
moreover, provides an integrated framework for analyzing 
the trade-off between these risks and reward. 

Consider simulating the value of a portfolio over a 
single period. The MtF simulation is performed on a set 
of basis instruments, over a set of scenarios and an 
appropriate time horizon. The financial products are 
mapped to this set of instruments and the portfolio is 
mapped to the financial products. The result is a set of 
MtF values for the portfolio, one for each scenario. 

Some of these scenarios will have resulted in gains 
and some in losses. The gains and losses could be 
absolute or computed with respect to a benchmark, 
the benchmark portfolio itself being subject to the 
same simulation. The gains and losses provide all the 
information required to compute a forward-looking 
measure of risk or reward (Figure 4.12). 




fleere 412: By calculating the Upside and the Downside, it is possible to 
compute a forward-looking meesure of ristadpisted return 



If probabilities are associated with each scenario the 
result is a distribution of unrealized gains and losses. 
Many risk or reward measures can be derived from this 
distribution. For example, the parametric VaR measure 
is a specified percentile of the downside, using the 
mark-to-market value as the benchmark. It is also easy 
to evaluate multiple choices for the probability weights, 
since the MtF Cube remains invariant. 

The Put/Call Efficient Frontier (Dembo 1999) is an 
important new means of measuring both risk and reward. 
The determination of the Put/Call Efficient Frontier 
begins with the decomposition of the MtF into its 
downside losses and upside gains, representing the risk 
and the reward respectively. 
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The upside has the same payoff as a European call 
option, with strike equal to the benchmark value and 
maturity equal to the horizon (Figure 4.13). Similarly, 
a short position in a European put option, with strike 
equal to the benchmark value and maturity equal to the 
horizon, has the same payoff as the downside (Figure 4.14). 
A value can be placed on the upside and downside of a 
portfolio by valuing the call and the put. Thus, in a MtF 
world, any portfolio may be disaggregated into its put 
and call values. 

This is an inherently forward-looking view of risk 
and reward since the value of a put or call is dependent 
exclusively on future events, though the past might 
influence the choice of scenarios. 

This leads to a natural way of measuring risk-adjusted 
performance. The adjusted upside is the value of the call 
less the value of the put scaled by a risk aversion factor. 
This risk-aversion parameter, which is assumed to be 
greater than one, reflects psychological or other non- 
quantifiable factors. The adjusted upside is a measure 
of risk-adjusted value as it includes the (perceived) cost 
of insuring the downside. It forms the basis of how we 
propose that capital be allocated. The scaled value of 
the downside is referred to as Regret (Dembo 1998), 
and is itself a useful risk measure. 

The trade-off between risk and return for any portfolio 
is therefore captured by the trade-off between its put 
and call value. The Put/Call Efficient Frontier traces 
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the maximum upside for given levels of downside. 
Equivatently, it may be formulated as the minimum level 
of downside for fixed levels of upside (Figure 4,15). 

The risk and reward of the portfolio today for some 
given horizon can be calculated by placing a value on this 
put and call. The methodology for valuing the put and 
call is presented in Part 2, Chapter 7. 

It is important to note that in developing the Put/Call 
Efficient Frontier no assumptions have been made 
concerning the sources of risk or about the distributions 
of securities or payoff functions, as would be the case 
in a mean-variance framework (Markowitz 1952). 
If the scenarios contain events that link market, credit 
and liquidity risk and if the MtF is property computed, 
then the Put/Call Frontier will be an efficient frontier 
that trades these integrated risks against their upside. 
Correlation between these types of risks is accounted 
for, since it is implicit in the choice of scenarios. 

This further reinforces one of the primary principles 
behind MtF. 8y separating the simulation from the risk 
measure itself, the trade-off between risk and return 
and the integration of various types of risks may be 
developed in a generic manner. 
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Figwt 4.1* Put/Cell Efficienl Frontier 

MtF, then, represents a risk management framework that 
provides global risk oversight and trading decision 
support, for end-of-day and intra-day business functions. 
The advantages derived from this radical new approach 
are numerous. Time consuming MtF calculations can be 
staggered and distributed, as resulting values are fully 
additive. The additivity of the MtF values also facilitates 
intra-day updates at the trade level. Changes in position 
units result in a reseating rather than a recalculation. 
Once calculated, the MtF values can be re-aggregated 
into different risk measures or disaggregated for more 
detailed analysis. Marginal analysis of VaR can be 
performed, credit exposures and tosses can be calculated, 
all without the need to recalculate MtF values. Custom 
reports based on different risk measures can be created 
to meet the specific needs of various users across the 
enterprise.® 
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In the last several chapters, we have provided a detailed 
description of the MtF framework and have outlined the 
many advantages adoption of the methodology offers. 
We now provide a brief introduction to the MtF Cube 
and describe how it is generated. 

The development of the MtF framework involves two 
critical stages, a computationally intensive pre-Cube 
(or simulation) stage and a less computationally intensive 
post-Cube stage. The pre-Cube stage is associated with 
the configuration and generation of the Basis MtF Cube 
white the post-Cube stage is associated with the mapping 
of portfolios and portfolio regimes onto the basis and the 
application of post-processing analytics to the resulting 
portfolio MtF values. 

The following six key steps summarise the overall 
risk-reward assessment process as embodied by the 
MtF framework. The first three represent the pre-Cube 
stage and the last three represent the post-Cube (or 
post-simulation) stage. Each of these steps can be 
explicitly configured as an independent component 
of the overall process: 



1. Define the basis instruments. 

2. Define the scenario paths and time steps. 

3. Simulate the instruments over scenarios and time 
steps to generate a Basis MtF Cube. 

4. Map the financial products onto the Basis MtF Cube 
to form a Product MtF Cube. 

5. Map the portfolio regimes onto the Product MtF 
Cube to form a Portfolio MtF Cube. 

6. Post-process to produce risk, reward and 
performance measures. 

In specific applications of the MtF framework, some of 
these steps may not be present. In particular, when there 
are few discrete financial products, the mapping of basis 
instruments to financial products may be 1:1 so that Step 
4 would be redundant. In situations where the number of 
instruments may be large, mapping onto basis instruments 
helps reduce the dimensionality of the problem. Often, 
too, it can have a dramatic effect on computational 
speed, as is the case for large equity or swap portfolios. 
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1: Define the Basis 
Instruments 

The first step involves the appropriate selection of 
instruments required to generate the Basis MtF Cube. 
Basis instruments may represent actual financial products 
such as stocks and bonds, synthetic instruments such as 
a series of zero coupon bonds or, in some cases, abstract 
indices such as the Inputs to a multi-factor model. In 
most applications, the Basts MtF Cube consists of a 
mixture of actual products representing exchange-traded 
securities or over-the-counter (OTC) securities held in 
inventory and synthetic instruments onto which newly 
transacted OTC securities may be mapped. 

Basis instruments are selected to capture the range of 
relevant risk factors associated with the valuation of any 
existing or potential financial product. This choice is 
largely dependent upon the individual business application 
and may involve tradeoffs between the quantity of data 
storage and pricing accuracy. Nonetheless, a judicious 
choice of basis instruments can mitigate the data storage 
issue, often with little or no loss in pricing accuracy. 

The settlement and reinvestment of cashflows that 
may occur over a given time horizon must be addressed 
during the selection of basis instruments. Consequently, 
basis instruments must be flexible enough to represent 
the 'total return' of a financial product by capturing any 
cash flow settlement and by incorporating a choice of 
reinvestment possibilities. 

2: Define the Scenario 
Paths and Time Steps 

Once the basis instruments have been defined, the 
scenarios and associated time steps must be selected to 
form the other two dimensions of the Basis MtF Cube. 
Scenarios describe the evolution of possible risk factor 
levels, including market, credit and liquidity risk factors 
in the future. 



3: Simulate to Generate 
a Basis MtF Cube 

Once the basis instruments have been selected and the 
scenarios and time steps defined, the Basis MtF Cube 
is generated by applying a pricing model that produces 
a mark-to-market valuation for each scenario. The 
generation of the 'Scenario x Instrument x Time Step 1 
Basis MtF Cube in these first three steps completes the 
computationally intensive pre-Cube stage of the MtF 
framework. The MtF values contained In the Basis MtF 
Cube serve as the raw data for the next stage of 
processing, which involves the mapping of the actual 
financial products if necessary, the portfolio holdings and 
the measurement of risk and reward. The next three steps 
describe the post-Cube stage of the MtF framework. 

4: Map the Financial 
Products onto the 
Basis MtF Cube to Form 
a Product MtF Cube 

Next, a mapping exercise is required to produce MtF 
values for the virtually unlimited number of financial 
products that exist. This exercise calculates a MtF 
value for a given financial product as a function of the 
MtF values of the basis instruments contained in the 
Basis MtF Cube. 

The result of this mapping exercise is the creation 
of a Product MtF Cube containing the MtF values of all 
financial products of interest. Unlike the Basis MtF Cube, 
the Product MtF Cube need not exist in a physical sense 
as it is completely defined by the product mappings 
themselves. That is, the cube need not be saved, 
it only needs to be calculated as required. 

In many cases, the product mappings produce perfect 
MtF value replications for the financial products across 
all scenarios and time steps. In certain cases, however, 
the mapping of financial products onto basis instruments 
will result in imperfect replication. This may be because 
a less complex mapping function has been chosen for a 
specific application. It may also occur because the Basis 
MtF Cube does not contain basis instruments associated 
with all relevant risks that affect the value of an instrument. 
In the latter case, the mapping must include basis 
instruments as well as those risks that are not contained 
within the Basts MtF Cube. 
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5: Map the Portfolio 
Regimes onto the 
Product MtFCube 
to Form a Portfolio 
MtF Cube 

To determine the MtF values of actual portfolio regimes, 
the fifth step in the MtF framework involves the mapping 
of portfolio positions onto the Product MtF Cube. The 
result of this second mapping exercise is the creation 
of a Portfolio MtF Cube containing the MtF values of all 
portfolio regimes of interest. Similar to the Product MtF 
Cube, the Portfolio MtF Cube need not exist in a physical 
sense as it is completely defined by the combined 
portfolio and product mappings. 

Since the MtF framework tracks risk over time, the 
mapping of portfolio positions onto financial products 
need not be static. Significantly* portfolios may be 
dynamically mapped onto products on the basis of 
pre-determined or conditional regimes. Regimes are 
also known as dynamic portfolio strategies. Under 
a Predetermined Regime the portfolio positions are 
independent of the contents of the Basis (or Product) 
MtF Cube. Within this category of portfolio strategies, 
the quantity of holdings to be mapped onto each 
financial product at each time step is defined by 
a simple position schedule. 

Under a Conditional Regime portfolio positions are 
a function of the contents of the Basis (or Product) MtF 
Cube. Within this category of portfolio strategies, the 
quantity of holdings to be mapped onto each financial 
product at each time step is determined as a function 
of the MtF values under given scenarios and time steps. 
Under a conditional regime, such portfolio strategies as 
delta hedging, immunization, reinvestment, collateral 
and rollover strategies may be assessed in terms of 
their individual risk and reward profiles. 



6: Post-Process the 
Portfolio MtF Cube 
to Produce Risk and 
Reward Measures 

The Product MtF Cube contains MtF values for portfolio 
regimes across all scenarios for each time step. The 
resulting distribution of portfolio outcomes provides 
a robust framework for the assessment of risk and 
reward. The actual risk and reward measures invoked 
are calculated strictly as a post-processing exercise. 
In contrast to traditional methodologies, the preferred 
risk-reward measures calculated in the post-Cube stage 
are completely de-coupled from the scenario assumptions 
made in the pre-Cube stage. 

In the post-processing step, the desired risk-reward 
measures as well as other quantitative analytics that 
may be applied to the Portfolio MtF Cube are calculated. 
These post-processing analytics will typically be embedded 
in a series of lightweight' task-oriented user applications. 

This concludes the high-level overview of the six 
steps of the MtF framework. We now turn to a detailed, 
step-by-step discussion of the methodology.© 
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Appendix A 

In this table, we illustrate how the characteristic features 
of MtF address specific regulatory requirements and best- 
practice recommendations. 
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Model funding liquidity (collateral, credit lines, etc.) 
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Compute meaningful exposures that include: 








Collateral and other credit enhancements 
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Netting 
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Roll-off risk over time 


• 






Relate exposures to market, credit, liquidity events 
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Aggregate exposures and relate to credit limits 








implement proper credit granting processes 
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Create a portfolio credit model for expected and unexpected losses 
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Move towards risk-based pricing 
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Introduce risk-adjusted performance measurement 
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Capture advanced credit products 
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Stress test the interaction of market, credit and liquidity risk 
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Assess the effect of en economic downturn 
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Model the effect of potential credit events over time 
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The Mark-to- Future 

Methodolo 




An Introduction 



MARK-TO-FUTURE IS AN ENCOMPASSING AND UNIFYING FRAMEWORK FOR ASSESSING FUTURE 
UNCERTAINTY. IT IS A PARADIGM THAT VALUES FINANCIAL PRODUCTS ALONG MULTIPLE SCENARIOS AT 
FUTURE TIME STEPS. THE GENERATION OF A MARK-TO-FUTURE VALUE FOR EACH SCENARIO AND TIME STEP 
REPRESENTS THE COMPUTATIONALLY INTENSIVE FIRST STAGE OF PROCESSING (PRE-CUBE). WHILE THE 
MEASUREMENT OF PORTFOLIO RISK AND REWARD OCCURS STRICTLY AS A SECONDARY POST-PROCESSING 
STAGE (POST-CUBE). THIS CHAPTER PROVIDES A GENERAL OVERVIEW OF THE MARK-TO-FUTURE FRAMEWORK. 



At the foundation of the MtF framework is the 
generation of a three-dimensional cube consisting 
of a series of MtF tables. Each MtF table has dimension 
S t x hi, where S ( is the number of scenarios and N is 
the number of instruments. While the number of 
scenarios S t may vary over time steps (as denoted by 
the subscript), for ease of exposition the number of 
scenarios per time step will be assumed constant 
throughout this document. 

Each MtF table is associated with a given time step c 
over an overall time horizon of T steps. A pre-computed 
MtF Cube provides a basis onto which the mapping 




of all financial products and all positions in those 
products can be accommodated, thereby enabling the 
full characterization of future portfolio distributions for 
multiple portfolio regimes through time. Figure 1.1 
illustrates a representative MtF Cube, which consists 
of a series of MtF tables, one for each time step t. 

Each cell in the MtF Cube contains the simulated 
MtF value for a given instrument under a given scenario 
and time step. In certain applications, other sensitivity 
measures such as an instrument's delta or its duration 
may be included in addition to a MtF value. Therefore, 
in the general case, each cell of a MtF Cube contains 
a vector of risk-factor-dependent measures for a given 
instrument under a given scenario and time step. In 
some applications, the vector may even contain a set of 
risk-factor dependent cashflows for each scenario and 
time step. For ease of exposition, however, this document 
focuses primarily on the typical case where each cell 
contains only the instrument's MtF value. 

Fundamental to the MtF framework is the premise 
that generating a Basis MtF Cube need not depend on 
the knowledge of portfolio holdings: a single Basis MtF 
Cube accommodates the risk-reward assessment of 
multiple regimes (portfolio strategies) simultaneously. 
The representation of any given regime such as a buy 
and hold strategy or an immunization strategy Is simply 
captured through the mapping of positions onto the MtF 
Cube. Thus, many portfolio regimes may be mapped 
simultaneously onto the same pre-computed MtF Cube. 



Rem 1.1: fUpresaraatira MtF Cube 
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The MtF approach to risk-reward assessment is 
summarized by the following six steps, each ol which 
can be explicitly configured as an independent 
component of the overall process: 

1. Define the basis instruments. 

2. Define the scenario paths and time steps. 

3. Simulate the instruments over scenarios 

and time steps to generate a Basis MtF Cube. 

4. Map the financial products onto the 

Basis MtF Cube to form a Product MtF Cube. 

5. Map the portfolio regimes onto the 

Product MtF Cube to form a Portfolio MtF Cube. 

6. Post-process to produce risk and reward measures. 
The generation of the Basis MtF Cube in Steps 1 

to 3 of the overall process are the only computationally 
intensive steps and, significantly, need to be performed 
only once. These steps represent the pre-Cube stage 
of MtF processing. In contrast, Steps 4 to 6 represent 
straightforward mapping exercises, which can be 
performed in virtual real-time and with minimal 
additional processing. These three mapping steps 
represent the post-Cube stage of MtF processing. 
The diagram on the previous page illustrates the 
process flow incorporating the six key steps 
of the MtF framework. 



The Basis MtF Cube generated In the pre-Cube 
stage is the only MtF Cube that necessarily exists In a 
physical sense. The Product and Portfolio MtF Cubes 
generated in the post-Cube stage are completely defined 
by the product and portfolio mappings and, thus, 
typically exist only in a conceptual sense. Table l.l 
provides a summary of the mapping and MtF Cube 
notation used in this document. 

Note that, in certain applications, additional 
intermediate mapping steps may be incorporated into 
the post-Cube stage which generate other intermediate 
(but conceptual) MtF Cubes. An example may include 
an intermediate step mapping financial products onto 
hypothetical basis instruments that precedes the 
mapping of the hypothetical instruments into actual 
basis instruments. Nonetheless, for ease of exposition, 
this document focuses on the two key mapping steps 
that produce the Product and Portfolio MtF Cubes, 
respectively.® 
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The Basis MtF Cube is generated by simulating 
a series of basis instruments across predefined 
scenarios and time steps. Basis instruments may 
represent actual financial products such as stocks and 
bonds, synthetic instruments such as a series of zero 
coupon bonds or, in some cases, abstract indices such 
as the inputs to a multi-factor model. 

The choice of basis instruments to be simulated in 
the pre-Cube stage of the MtF framework depends on 
the overall business application and may involve 
trade-offs between the magnitude of data storage (the 
dimensions of the Basis MtF Cube) and pricing accuracy. 
Nonetheless, a significant amount of dimensionality 
reduction can often be achieved with little or no 
loss of pricing accuracy by the judicious choice of 
basis instruments. 

In most applications, the Basis MtF Cube will consist 
of a mixture of actual products representing exchange- 
traded securities or OTC securities held in inventory and 
synthetic instruments onto which newly transacted OTC 
securities may be mapped. An understanding of how the 
values of risk factors determine product valuation helps 
In the selection of basis instruments. The MtF value, 
m'^ t , of financial product, f* (i* = J....,N'J, under scenario. 
j (i = J,..., S,J, at time step, t(t = I.....T), is a function of 
a number of risk factors, u k = u,,..., u K , and, in general, 
can be represented as 



m' i7l «f'(»i.ii2. « 3 u K ) 

The MtF value, m^, of basis instrument i (i = I N) 

under scenario j at time step i is also a function gO of a 
number of risk factors and similarly can be represented as 

WtyBf f«|.u 2 . « 3 ,...,u k ) 

When the basis instrument represents a synthetic 
instrument or an abstract index, it is often a function 
of a single risk factor. Thus, in the typical case 

m^sf («,,) 

for risk factor fc. 

The key benefit derived from the use of basis 
instruments is the ability to store all or a portion of the 
computation of the product MtF values in the Basis 
MtF Cube. Therefore, the MtF value of a given financial 
product becomes a function, f(), of the pre-computed 
MtF values of the basis instruments or simply 

m V/i - f • • • • 

In the case where basis instruments are actual financial 
products, ny/ = mg p and the mapping of the financial 
product onto the basis instrument is a straightforward 
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one-to-one mapping, tn contrast, when the basis 
instruments are synthetic instruments, the mapping 
of the financial product becomes more complex. 

Determining the ideal composition of basts 
instruments, therefore, requires the a priori definition 
of a set of functions mapping financial products to basis 
instruments and ultimately to risk factors. A mapping 
sequence, as illustrated in Figure 2.1, represents a 
configuration of risk factors and basis instrument 
mappings used to value a given financial product. 



mm&mm 



figore 2.1: Mapping nqusnci of products onto tnstrumsnts onto risk factors 



It is necessary to define a mapping sequence in order to 
select the appropriate basis instruments to be contained 
in the Basis MtF Cube. The next sections describe some 
of the issues involved in defining a mapping sequence. 
Issues surrounding the mapping functions are discussed 
in Step 3. 

Mapping Sequence 
Considerations 

A variety of possible mapping sequences may be defined. 
These possibilities are based on the modeling choices 
that are made prior to generating the Basis MtF Cube. As 
an example, consider the mapping sequence A chosen to 
generate a product MtF cube containing a non-dividend 
paying stock and a forward contract, with expiry i, on that 
stock. Mapping sequence A is illustrated in Figure 2.2. 



Stock g Stock - 

Figure 12: Mapping sequence A 



Stock Price 



In this particular sequence, the mapping of the stock 
onto the basis instrument is one-to-one. The MtF value of 
the basis instrument is modeled as a simple realization of 
the risk factor itself under each simulation. The forward 
contract is mapped onto two basis instruments: the stock 
and the zero coupon bond. 

Consider a second mapping sequence B with the 
stock, in this case, simulated by a generic two-factor 
equity model where the MtF values of the stock are 
determined as a function of the stock's specified factor 
loadings onto the equity factors. This mapping sequence 
is illustrated in Figure 2.3. 




Equity Factor 2 



Fiona U: Mapping sequence B 



In this sequence, the mapping of the stock onto the 
basis instrument is still one-to-one, but the MtF value 
of the basis instrument is based upon the generic two- 
factor equity model. 

Finally, consider a third mapping sequence C that 
generates a Basis MtF Cube using the equity factors 
as the basis instruments. In this case, the MtF values 
of the stock are determined as a function of the factor 
loadings in the equity factor basis instruments. This 
mapping sequence is illustrated in Figure 2.4. 



Stock 




Equity Factor 1 a*- Equity Factor 2 



Rgert 24: Mapping sequence C 



In this case, the stock is mapped onto two equity factor 
basis instruments. The number of basis instruments 
required using mapping sequence C is always two as all 
stocks map onto the same two risk factors, regardless of 
the number of stocks in a portfolio. Only the mappings 
(i.e. the factor loadings) associated with each equity are 
product-specific. 

White it is interesting to compare alternative modeling 
techniques, the choice of mapping sequence often 
involves other, more pragmatic, trade-offs. For example, 
mapping sequence A may be preferred when full 
explanatory power is desired for future equity distributions 
(perhaps based upon historical realizations). However, 
this approach may prove deficient when newly issued 
securities (that possess no price history) are addressed. 

In contrast, mapping sequence C may be preferred for 
purposes of minimizing the dimensions of the Basis MtF 
Cube as well as for mapping equities with no previous 
price history. However, this approach may be less 
appropriate when it is important to consider the specific 
risks associated with individual equities. Note that 
specific risks can, in fact, be addressed in this particular 
mapping sequence through a more complex product 
mapping that directly incorporates the specific risk 
of the equity as an additional input. 

Mapping sequence 8 may emerge as a preferred 
alternative in this case. Specific risk and newly issued 
equities may be addressed easily using this approach 
since each security is simulated uniquely using the 
factor model, thereby allowing for the straightforward 
incorporation of a random component as the stock is 
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TaMe U: MtF values of bundled stock instrument 

lij sndc t represent the value of thi basis equity instrument and any cash dividends pi id out at time step t along a given scenario. f,. xt represents the future value factor 
from tins step r-r to t, along a given scenario. The Mlf value of the bundled instrument b the sum of the MtF vatuss of the standard instrument and the cash account) 



Marked-to-Future. This has implications for the size 
of the Basis MtF Cube, which must incorporate MtF 
values for all individual equities. 

Settlement and 

Reinvestment 

Considerations 

Settlement and reinvestment is another key issue to 
consider when selecting the appropriate basis instruments. 
The MtF framework is inherently forward-looking in 
nature. MtF values are explicitly calculated at future 
time steps. This requires the appropriate modeling of 
financial product aging. 

Significantly, any settlement and subsequent 
reinvestment of financial products prior to an overall time 
horizon must be directly incorporated in the pre-computed 
Basis MtF Cube. This can only be achieved by defining 
basis instruments which effectively represent bundled 
instrument positions consisting of a standard basis 
instrument along with a settlement account that reinvests 
any cash settled by the basis instrument through time. 
The bundled basis instrument captures the total return 
of a financial product through time. 

As an example, consider a bundled stock instrument 
which consists of the basis stock instrument along with a 
settlement account that captures and reinvests dividends 
paid out at time steps t=/ and t=3. Table 2.1 illustrates 
the MtF values of the bundled basis instrument across a 
given scenario path for a T=4 time horizon. 

Figure 2.5 provides an illustration of MtF values for 
the bundled equity instrument as simulated across 
S 4 =100 scenario paths over the T=4 time horizon. At each 
time step, the MtF values capture both the distribution of 
stock prices and the distribution of reinvested dividends. 




Hove Uc MtF values of bund ad stock instrument serosa scenarios 

The vertical axis in Figure 2.5 represents MtF value while 
the horizontal axis represents time. Each node on a line 
corresponds to the realization of the bundled instrument's 
MtF value under a given scenario and time step. 

As a second example, consider a bundled zero 
coupon instrument consisting of a standard zero coupon 
bond (with a notional of one and maturity at t=2) along 
with a settlement account which captures and reinvests 
the notional amount paid out at the maturity date. 
Table 2.2 summarizes the MtF values of the bundled 
basis instrument across a given scenario path for the 
T=4 time horizon. 




Settlement Account 

laale 12: MtF vital of s bundled t - ^ zero coupon instrument 
14 t+J( end /■(,, , represent the discount factor from time step c to 1+1 and the 
future value factor Iron time step (-1 to t, respectively, along a given scenario. 
The MtF value of the bundled instrument is the sum of the Mtf vetues of the 
standard Instrument and the cash account) 
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Hftn 11- Mtf values of a bundled t*2 tero coupon 
instrument across scenarios 




Rfere 2.7: MtF values of a bundled t=C zero 
instrument across scenarios 



mm 




ngire 2£ MtF values of a bundled t-4 zero coupon 
instrusiem across scenarios 



Figure 2.6 provides an illustration of MtF values for the 
bundled zero coupon instrument with maturity of r=2 as 
simulated across S«=100 scenario paths over the T»4 
time horizon. 

In comparison, Figures 2.7 and 2.8 are illustrations 
of two additional bundled zero coupon basis instruments 
(for maturities of i=0 and t=4, respectively) with MtF 
values simulated across S 4 «\00 scenarios over the 
T=4 time horizon. 

Note that the t=4 bundled instrument poses only price 
risk over the time period t<4, during which its MtF value 
is sensitive to interest rate changes. At its M maturity 
date, when the notional is settled, it represents a riskless 
position. In contrast, the t=0 bundled instrument is 
riskless at its t=0 maturity date, but poses reinvestment 
risk over the duration of the T=4 time horizon as the 
notional amount is reinvested. The t=2 bundled 
instrument has a changing risk profile over the T=4 
time horizon; it poses price risk over the period t<2, 
is riskless at t»2 and poses reinvestment risk over 
the period 2<rS4. These examples illustrate the 
significance of considering settlement and reinvestment 
risk through time even for a straightforward instrument 
such as a zero coupon bond. 

In a more complex example, a bundled instrument 
may consist of a standard basis instrument, one or more 
underlying instruments, as well as a settlement account. 
Tables 2.3 and 2.4 describe a bundled call option on 
a bond future consisting of an exchange-traded bond 
futures option instrument (expiry at t=I), an exchange- 
traded bond future instrument (expiry at t=3), an 
exchange-traded bond instrument, and in addition, 
a settlement account. 




Fhjort ZJt Mrf values for a bundled bond futures option across scenarios 
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Tibb i± In-the-money MtF values of a bund ltd bond futurts option 

fC ti r, and D t re present the bond futures call option, bond future and bond (att-in) prices, respectively, at time step i aleng I given scenario. K c represents the option strike 
price. f t . XJ represents tha future value factor from time step i-x to u elong a given scenario where (he cafl a in-the-money at t The MtF value of the handled instrument 
is the sum of the MtF values of the standard instrument and the cash eccounU 




Table Vk Oul-of -the-money MtF values for a bundled bond futures option 

i(l tt F t and D ( represent the bond futures caU option, bond future and bond laH*in| prices, respectively, at lime step t along e given scenario. K c represents the option 
strike price. f t . Xtt represents the future value factor from time step c-a to t, along a given scenario where the cafl is out-oMhs-money at t el. The MtF value of the bundled 
instrument is the sun of the MtF values ol the standard instrument and the cash account.! 



Figure 2.9 provides an illustration of the MtF values 
of a bundled bond futures call option instrument (with 
option expiry of t=l and futures expiry of c=2 as simulated 
across S«-I00 scenarios over the T-4 time horizon). 
Along some scenario paths the call option expires in-the- 
money at r=! and, hence, settles onto the bond future, 
with the future itself settling onto the cheapest-to-deliver 
bond at r=2. Along other scenario paths the call option 
expires out-of -the-money at t~l and, in these cases, the 
entire bundled position is worthless from that point on. 

This example demonstrates the importance of 
appropriately incorporating settlement and reinvestment 
over time when physical settlement is a key component 
of product aging. @ 
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Future distributions of portfolio outcomes are 
ultimately driven by future distributions of underlying 
risk factors such as interest rates, equity indices or 
exchange rates. In traditional risk-reward methodologies, 
the selection of scenarios is not arbitrary; rather, a very 
specific risk factor distribution is implied. A summary 
statistic such as a covariance matrix of factor returns that 
describes the risk factor distribution typically serves as 
the primary input into the analysis. However, only for very 
specific distributions can a small number of parameters 
for each factor truly describe the distribution. As a 
consequence, the use of a specific summary statistic as 
the key input (with no additional knowledge of the true 
underlying distribution) severely constrains an analysts 
when the underlying distribution is not well described 
by that statistic. 

In contrast, in the MtF framework, the scenario choice 
is a key input parameter to the overall risk assessment 
process. Since scenarios are the primary inputs, the 
distribution of underlying risk factors is defined by the 
explicit set of scenarios actually chosen. As such, any 
desired future risk factor distribution can be directly 
incorporated into the analysis in a manner that is not 
constrained by a specific summary statistic. 

Scenarios are the language of risk in a MtF framework. 
In practice, the appropriate choice of scenarios, whether 
explicit or implicit, is the key factor that determines 



whether or not a risk analysis is adequate. Likewise, the 
quality of a MtF simulation depends on the ability to 
generate relevant, forward-looking scenarios that properly 
represent the future. This chapter discusses the value of 
scenarios, outlines the benefits of using scenarios and 
considers several sources of scenarios including historical 
data, scenario proxies and scenario bootstrapping. 

What are Scenarios? 

A pricing model determines the value of a financial 
instrument as a function of the values of a number of 
instrument attributes and risk factors. A complete set 
of values for these risk factors is called a scenario. A 
scenario describes the evolution of the values of the risk 
factors over time. The specification of a scenario at a 
given future point in time describes a possible state-of- 
the-world at that time. The current state-of-the-world, 
described by the current market data, is called the 
nominal scenario. The nominal scenario is used to 
produce the mark-to-market value; MtF scenarios are 
used to calculate the value of an instrument at a future 
time. There are several different types of scenarios 
related to market, liquidity and credit risk as well as 
joint scenarios that cover a combination of these risks. 

Market risk scenarios are described by market risk 
factors. Standard market risk factors include various 
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interest rate term structures, equity indices, exchange 
rates, commodity prices or implied volatilities. Credit risk 
scenarios are described by specifying credit risk factors. 
For example, Credit Metrics (Longerstaey and Zangari 
1996) defines country, region and sector indices as credit 
drivers for the asset value and credit quality of each 
obligor. Alternatively, CreditRisk* (Credit Suisse 1997} 
specifies default probabilities directly as the key credit 
risk factors. Liquidity risk scenarios are described by 
risk factors such as bid-ask spreads and market depth 
or trading volumes. 

Joint scenarios on market and credit risk might be 
described by specifying market and credit risk factors in 
the same scenario. A model that integrates market and 
credit risk factors is presented by Iscoe et al. (1999). 
Consider a corporate bond. The present value of the 
bond is a function of the Treasury curve and an additional 
credit spread that compensates bond holders for the 
default risk of the corporate issuer. The credit spread, 
in turn, depends on the credit quality of the corporate 
issuer. If a credit downgrade occurs, cash flows must 
be valued using a higher credit spread. Scenarios that 
include interrelated outcomes for the issuer's credit 
rating and for the Treasury curve link market and 
credit risk consistently. 

Joint scenarios on market and liquidity risk for equity 
portfolios might include equity indices and specific risk 
factors to capture market risk and equity-specific, 
simulated holding periods to capture liquidity risk. Joint 
scenarios on market, credit and liquidity risk for emerging 
market bonds, for example, may cover US Treasury rates, 
credit risk factors such as credit drivers, sovereign 
spreads or default probabilities and bid-ask spreads. 

The Value of Scenarios 

A MtF value is the value of a financial instrument at a 
future time under a given scenario. There is no need to 
consider the likelihood or probability of that scenario 
when computing the MtF value. Some risk-reward 
measures (e.g., Regret (Dembo 1991, 1999; Dembo 
and Freeman 1998) and Average Shortfall (Artzner et 
al. 1998)) are based on probability-weighted MtF values. 
Value-at-Risk is the MtF value at a specific point in the 
tail of a MtF distribution. At a later stage (Step 6) when 
risk/reward statistics are computed, it is necessary to 
assign probabilities to these scenarios, but an important 
feature of the MtF approach is that the choice of 
scenarios need not be dependent on the probability 
assigned to them. This feature allows MtF values to 
be computed once and subsequently used as inputs 
into many different risk measures. 

Regulators are calling for an integrated measure of 
market, credit and liquidity risk. In a MtF framework, 



these disparate sources of risk are linked quite naturally 
at the scenario level, without reference to the risk 
measure. Scenarios that embody correlated, consistent, 
simultaneous changes in market, credit and liquidity 
states naturally provide correlated, consistent MtF output, 
from which risk measures that link these sources of risk 
can be calculated. Various integrated measures of risk 
and return can be obtained from this consistent MtF 
output. Thus, MtF is a unifying framework that simplifies 
integration of the measurement of risk and reward for 
capital allocation purposes. 

The use of scenarios to describe the future possible 
states-of-the-world makes the risk management process 
transparent, descriptive and manageable. Non-technical 
managers can understand a set of scenarios and the 
market intuition of these managers can be exploited 
to define them. 

Requirements 
of Scenarios 

Scenarios provide significant benefits in risk 
management, but in order to do so. they must have 
certain characteristics. The scenario choice must be 
explicit, the scenarios chosen must span all relevant 
future outcomes and the relevant time horizon or 
horizons, and the scenarios must be forward-looking. 

Ultimately, the MtF value of a portfolio is a function 
of the values of the risk factors constituting the 
scenarios. However, small market moves may cause 
large changes in the value of a portfolio of instruments 
with non -linear pay-offs. Thus, the distribution of 
outcomes in the risk factor or scenario space may be 
very different from the distribution of outcomes in the 
portfolio space. The impact of an individual scenario 
cannot be determined until after the MtF value is 
computed. It is a misconception, for example, to think 
that stressful market events such as the crash of '87 
are necessarily stressful scenarios. 

The scenarios In a MtF simulation must span a 
wide range of possible outcomes, without regard to the 
likelihood of those outcomes. A distinction is often 
made between extreme scenarios that are used for stress 
testing and scenarios based on typical market conditions. 
The MtF framework does not distinguish between them. 
All scenarios are part of the same consistent MtF Cube. 
A distinction is made only at the post-Cube stage of 
MtF processing. 

For the purposes of risk management, knowing the 
outcomes under extremes is essential. A fundamental 
function of risk management is to decide whether or 
not to hedge these extreme events and at what expense. 
Measures such as regret and average shortfall capture the 
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shape of the entire downside of the distribution; omitting 
these extremes affects the shape of the downside and thus 
the value of the measure. In the MtF framework, measures 
such as put value and call value place a value or cost on 
insuring the downside and upside of a given portfolio. The 
put value and call value measures are defined in Step 6. 

Scenario selection differs considerably from 
forecasting. A forecast is a prediction that a single 
scenario will occur. The accuracy of a forecast is 
therefore crucial, yet as noted by John Lipsky, the 
Chief Economist at Chase Manhattan, "No one is able 
to consistently foresee specific market developments far 
into the future." (Fuerbringer 1999). The goal in selecting 
scenarios in a MtF analysis is to span the range of future 
events, not to forecast that any of these events will 
actually occur. 

The scenarios must span a wide range of possible 
outcomes and they must also extend over a horizon, or 
multiple horizons, of appropriate length. This requires 
the generation of scenarios over time (Figure 3.1). The 
appropriate horizon for a market risk measure might be 
one day, 10 days or longer, depending on the liquidity 
of the position. Estimating exposure profiles for 
counterparty risk may require multiple time horizons 
over 10 years or more. 

Liquidity risk measurement depends on being able 
to measure the risk of portfolios that evolve over time. 
Though the cost of liquidity is usually reflected in wide 
bid-offer spreads, this is difficult to mode) directly. 
Liquidity risk can be modeled indirectly, by designing 
joint scenarios on daily trading volumes and market 
risk factors such as price and volatility. In this model 
(Yung 1999c), portfolio positions are liquidated 
conditional on the simulated outcomes for these risk 
factors in each scenario. For example, when simulated 
trading volumes are high, positions will be liquidated 
faster than when trading volumes are low. 

In order to interpret a risk measure, consumers of 
risk information, such as senior managers and boards 
of directors of financial institutions, must understand the 
nature of the scenarios used to produce the reports they 
read. Scenarios are the critical elements that define 
whether or not a risk analysis is adequate. MtF requires 
an explicit scenario choice. The end users of the risk 
information should help sanction the scenarios used 
because scenarios are their vehicle for understanding 
and interpreting the output of the simulation. Explicit 
knowledge of scenarios is essential for good risk-reward 
management. The good news is that anyone experienced 
in the market, who is involved in taking or managing 
risk, regardless of their technical knowledge, is capable 
of understanding and generating interesting and 
relevant scenarios. 




Rgrt XV. Mufti-ptrfod scfttarios 



The scenarios used are key in determining whether 
a MtF calculation is forward-looking. To be truly forward- 
looking, scenarios must contain events that are not in 
the current information set. This seems somewhat 
paradoxical. How do we define scenarios that are not 
part of the current information set? Forward-looking 
views can be extracted from proxy events or by other 
techniques, such as scenario bootstrapping. Scenario 
proxies and bootstrapping are discussed following a 
review of traditional approaches to risk measurement. 
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Traditional Approaches 

In some methodologies, namely covariance-based 
analytical methods, the scenarios are implicit in the 
choice of historical data used to build the covariance 
matrix and are therefore obscured. Thus, the specification 
of the scenarios is hardcoded into the calculation of 
the risk measure. It is rare that the consumers of risk 
information (senior managers in financial institutions, 
the board, etc.) know the nature of the scenarios that are 
implied in the reported risk measures. Except in extreme 
cases, very few people can determine if a covariance 
matrix is reasonable. 

Structured Monte Carlo methods generate risk factor 
scenarios from a covariance matrix. The scenarios that 
are implied in the covariance matrix are recovered and 
stated explicitly. However, the perceived richness of 
a scenario set generated in a Monte Carlo simulation 
model often masks the fixed modeling choices that 
went into estimating the matrix. 

For example, methods currently- in use to estimate 
covariance for risk measurement may weight past events 
differently. The Bank for International Settlements (BIS) 
accepts scenarios that are obtained by looking at one 
year of historical, daily outcomes equally weighted 
(BIS 1996). The RiskMetrics approach is based on an 
exponentially weighted history with a 6% daily decay 
factor, which translates into a small probability for 
scenarios that are more than 60 days old (Longerstaey and 
Zangari 1996). 

Each of these methods corresponds to a different 
choice of scenarios and differing assessments for the way 
in which probabilities are assigned to the scenarios. For 
example, using the scenarios suggested by RiskMetrics 
implicitly assumes that the last 60 days includes all the 
fundamental shifts in the market that are likely to occur 
between now and the risk horizon. Furthermore, their 
weighting suggests that the only important events have 
occurred in very recent history; events of the past are 
considered very unlikely. 

Normal distributions often understate the probability 
of extreme events; historically observed distributions have 
fat tails when compared to most parametric distributions. 

Consider a particular example. In the last 84 years, 
there have been nine crashes in the Dow Jones Industrial 
Index whose daily falls exceeded six standard deviations 
(based upon the previous 250 business days). The 
likelihood of nine crashes of that magnitude occurring 
in 84 years is 0.04%. Thus, a scenario of this magnitude 
is effectively ignored under a traditional approach. 

Neglecting the possibility of a crash scenario is clearly 
not prudent in a comprehensive risk analysis. Yet, if only 
recent history is considered, or the model is restricted to 
normal distributions that do not include fat tails, this 
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possibility may be neglected. Under the MtF framework, 
a crash scenario can be explicitly incorporated. Risk 
analyses can include both historical scenarios to account 
for typical events and stress test scenarios to account for 
atypical events. In this case, one might consider all of 
the developed world's stock market history and include 
the large market movements that were observed as 
possible scenarios for the future. 

Consider a second example. At the end of March 
1998. the Canadian dollar was trading at approximately 
0.708 USD. The Canadian dollar had last touched 0.700 
USD in 1994. Traditional risk measures, based on a 
summary statistic such as standard deviation, applied to 
a portfolio with Canadian dollar exposure would have 
provided a false sense of security to the holders of that 
portfolio. Even if the standard deviation had been based 
on one year of CAD/USD history, the implied set of 
scenarios underlying this statistic could have never gone 
beyond the bounds of that history. In fact, using this 
approach over a six month horizon, the drop in the 
Canadian dollar from 0.708 to 0.633 USD that occurred 
between March and August 1998 represented a three 
standard deviation move with a 0.02% likelihood of 
occurring. (The standard deviation of daily log returns 
with zero mean is calculated based upon one year of daily 
observations between March 1997 and March 1998 and 
scaled to a five month horizon by the square root of time). 

Sources of 

Forward-Looking 

Scenarios 

There are many ways to generate scenarios. With some 
careful analysis, and a broad view on where to seek 
information for scenario generation, it is possible to find 
reasonable, explicit, forward-looking scenarios that span 
the range of possible future states-of-the-world and the 
time horizon relevant for risk-reward measurement 

The definition of comprehensive and forward-looking 
scenarios is rooted in history. However, history can be 
applied creatively. First, the history of each risk factor can 
be augmented by including more distant events from the 
risk factor's own history than would be a part of a standard 
fixed calibration period. Second, the history of one risk 
factor can become a proxy for scenarios on another factor. 



Using History 

History enables us to generate reasonable sequences of 
events. Traditional risk-reward approaches often use a 
historical time series as the sole indicator of future risk 
factor distributions. Historical time series over long 
periods capture a very wide range of scenarios. Since 
these events have actually occurred in the market, 
it is hard to reject them as possible candidates for 
future events. However, since significant events occur 
infrequently, a long history may be required to produce 
a set of scenarios that span the possible range of 
outcomes. The longer the time series, the wider the range 
of possible outcomes that can be taken into account. 

In established markets where no fundamental shifts 
in the underlying structure have recently occurred and 
there is a very long history, history may be an adequate 
source of scenarios describing typical market conditions. 
However, the future is sure to contain events outside 
this information set. When history is the sole source 
for scenarios, it is implicitly assumed that between now 
and the horizon there will be no fundamental shift in the 
underlying forces on the market, other than those already 
observed during the historical period chosen. This 
precludes the incorporation of novel or forward-looking 
views that could have been extracted from other events 
or by other techniques. 

Beyond that, how would we understand the risk 
or return of a stock that has not yet been issued or 
of the Euro before it became a traded currency? How 
can we measure the risk of Internet stocks when there 
is insufficient history in this market on which to base 
historical scenarios? 

In situations such as these we must extend history 
and generate future events that reasonably span the 
range of possible outcomes. One way is to use the history 
for similar situations in different markets as a proxy. 
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Bootstrapping and Proxies 
If risk measures based on a summary statistic such as 
standard deviation would not have captured the exchange 
risk in the Canadian dollar in March 1998, what methods 
might have been used to determine the six-month risk in 
the CAD/USD exchange rate? Novel scenarios on future 
Canadian dollar rates for August and September 1998 
could have been extracted from an AUD/USD time series. 
Using the AUD/USD exchange rate as a proxy for the 
scenarios on the CAD/USD rate could have been justified 
on the basis of perceived similarities between the 
Australian and Canadian macroeconomic conditions at that 
time. Several times over the last decade, for example in 
1987, 1989 and 1993, the exchange rate on the Australian 
dollar dropped by 10% or more within a short number of 
months. Scenarios on the AUD/USD exchange rate would 
have provided a forward-looking view of future Canadian 
dollar behaviour, including a Canadian dollar scenario 
describing a drop to 0.633 USD or below. 

Consider Brazil as another example. Early in 1999, 
market risk managers in Brazil asked "How can we 
calculate Value-at-Risk figures for our portfolios when 
we don't have any historic data?" (Locke 1999). One 
possibility would have been to consider the market 
turbulence caused by the devaluation of the ruble in 
August 1998 as a proxy for how events in Brazil might 
unfold should the real be allowed to float (Yung 1999a). 

Another way to produce forward-looking scenarios is 
to use statistical bootstrapping to extend or fill-in history. 
This involves taking random samples from a time series 
in order to create synthetic time series. For example, a 
synthetic high-volatility time series can be created by 
sampling repeatedly from a filtered history that excludes 
low volatility periods. 

Previous markets that have enjoyed exceptional growth, 
for example, Nokia A stock Can emerging industry) and the 
gold rush in the 1970s, can serve as proxies for upside 
scenarios to determine the risk in a position in a new 
Internet stock (Yung 1999b). The 1929 stock market crash 
that initiated the Great Depression and Black Monday of 
October 1987 can serve as proxies for downside scenarios. 
Bootstrapping is achieved by mixing, scrambling and 
rearranging daily returns from the applicable proxy periods. 
Further randomization can be achieved by randomly 
selecting the starting point for a scenario series. 

Thus, by taking a broad perspective on the sources 
of scenarios, it is possible to extract reasonable forward- 
looking scenarios directly from history or to use a statistical 
technique such as bootstrapping. 



Implementation Issues 

The more history that is used, the. more likely the scenarios 
are to span the range of future events. However, more 
scenarios mean more data storage and MtF computations. 
Balancing computational effort with coverage is one of the 
challenges of scenario generation. Scenario banding is a 
promising method for reducing the number of historical 
scenarios required to calculate accurate risk measures 
(Cartolano and Verma 1999). Further research is 
required to identify methods to trade-off coverage and 
computational effectiveness. 

Extensive research has been undertaken, with 
significant success, on reducing the number of scenarios 
needed for accurate Monte Carlo results. Examples include 
low discrepancy sequences, applied by Boyle (1977) to 
option pricing and subsequently applied by Kreinin et al. 
(1998a) to risk measurement, the application of grids 
(Chishti 1999) and stratified sampling (Jamshidlan and 
Zhu 1997). Recent research contributions (Kreinin et al. 
1998b) extend the scope of these solutions to portfolios 
with high dimensionality. Practitioners use heuristic 
methods that extract representative stress scenarios from 
a much larger scenario set that spans a wide range of 
potential future outcomes. For example, asset managers 
routinely map a portfolio into a benchmark index and use 
the historical outcomes of such a benchmark index to 
assess and communicate the relative risk of their actual 
portfolio holdings. 

There are two aspects to the forward-looking nature of 
MtF. The first, the use of forward-looking scenarios, has 
been discussed in this chapter. In the next chapters we 
present the second: the simulation that produces the 
values that populate the MtF Cube. The simulation 
accounts completely for all the forward events and their 
effect on the future value of the underlying instruments 
and for the dynamic portfolio strategies that model 
changes to the positions in the portfolios. $ 
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n order to calculate MtF values for new deals 
that have been newly transacted or to simply reduce 
the dimensions of the Basis MtF Cube, it is often 
advantageous to map actual financial products onto the 
basis instruments contained in the MtF Cube. The result 
of this mapping exercise is the creation of a Product MtF 
Cube containing the MtF values of all financial products 
of interest. Unlike the Basis MtF Cube, the Product MtF 
Cube does not need to exist in a physical sense as it is 
completely defined by the product mappings themselves. 
That is. the cube need not be saved, it only needs to be 
calculated as required. 

It is important to note that the incorporation of this 
mapping step is simply a configuration choice. It is always 
possible to define the basis instruments to be actual 
financial products themselves. The mapping in this 
step becomes simply one-to-one. In this case, however, 
the dimensions of the Basis MtF Cube must be of such 
a magnitude to incorporate all possible financial products 
of interest. 

A product MtF table, M' t , has dimensions S, x N\ 
where S t is the number of scenarios and N' is the number 
of financial products. Each cell contains the MtF value, 
m' fft , of financial product, i' (»"=!. ---.N'). under scenario.; 
fj=f ..... S t ) at time t. A product MtF table is constructed 
as a function of the mapping of each financial product 



onto the basis MtF table in the following manner: 

where f t 0 represents a set of operators mapping the W 
financial products onto the N basis Instruments at time 
step c. A Product MtF Cube consists of T product MtF 
tables corresponding to each time step, t (t = 1 ( ...,T>. 

For many financial products, the mapping is a static 
function (constant across scenarios and time steps) and a 
straightforward linear combination of the basis instruments. 
In this case, the mapping Is analogous to static holdings of 
individual basis instruments in a portfolio. An example is a 
fixed rate bond that would be mapped simply into a static 
combination of zero coupon basis instruments associated 
with the coupon dates of the bond. 

For more complex financial products the mapping may 
be dynamic (varying across scenarios and/or time steps) 
and a non-linear function of the basis instruments. An 
example is a floating rate note. Initially it would be 
mapped into a single zero coupon basis instrument but, 
at each reset date, it will roll over into a new zero coupon 
basis instrument in an amount that is a function of the 
new basts instrument's MtF value under each scenario. 

Figure 5.1 illustrates a Product MtF Cube that has 
been generated by mapping N' financial products onto 
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a Basis MtF Cube, where f() represents the T sets of 
operators, (f lt fx* ) associated with the mapping 
of the N' financial products onto the N basis instruments 
for each time step t. 




Rpr* 5.1: Mippino products onto » Basts MtF Cuba 



When the Basis MtF Cube spans all the relevant risk 

factors, (u, u k J, required to generate MtF values 

for a given financial product, a perfect mapping of the 
product onto the basis instruments can be achieved. In 
other cases, when the risk factors are not contained in 
the MtF Cube, a perfect mapping will not be achieved 
unless the risk factors are incorporated as part of the 
mapping exercise. As an example, the implied volatility 
of a newly transacted OTC option may represent a risk 
factor not contained in the Basis MtF Cube. Thus, the 
mapping of this financial product onto the basis 
instruments requires the incorporation of the implied 
volatility as an exogenous parameter. 

Perfect Mapping of 
Products onto Basis 
Instruments 

In many cases, the mapping exercise results in a perfect 
replication of the financial product's MtF values with 
respect to the values produced by the product's pricing 
model. This implies that all relevant risk factors 
associated with the valuation of these products are 
spanned by the Basis MtF Cube. 

Complicating matters somewhat Is the fact that even 
though all risk factors may be contained In the Basis 
MtF Cube, for some risk factor classes an interpolation 
amongst the risk factors is required for valuation purposes. 
Interest rate risk factors represent a typical case. A term 
structure may contain a number of Independent nodes 
that are associated with the discount factors for given 
terms. Products with cash flows that coincide precisely 



with those particular terms can be mapped one-to-one 
onto zero coupon bond basis instruments whose maturities 
also fall precisely on those terms. 

However, products with cash flows that do not coincide 
with those particular terms require a slightly more complex 
mapping. This issue from a mapping perspective is 
completely analogous to the interpolation issues faced 
when valuing products that require a term structure as a 
pricing model input. In this case, the mapping exercise 
can be broken down into two conceptual components; 
the intermediate mapping of the financial product onto 
hypothetical basis instruments followed by the mapping 
of each hypothetical basis instrument onto actual basis 
instruments contained in the MtF Cube. 

Mapping Financial 
Products onto 
Hypothetical Basis 
Instruments 

As an example, the fixed leg of an OTC interest rate swap 
can be mapped onto a static set of hypothetical zero 
coupon basis instruments (bundled) whose maturities 
correspond precisely to the cash flow dates ol the swap. 
Consider a swap with maturity at t = 3, notional n, and a 
fixed rate, ry, corresponding to a term of t = / . Figure 5.2 
illustrates the mapping sequence used to perfectly map 
this financial product onto the hypothetical basis 
instruments. 




R|«t* &£ Mipping ssqutnc* of • nmp onto nro coupon basil instruments 



The MtF value of the fixed leg of the swap <r= J > can be 
determined as a static function of the zero coupon basis 
instruments (r=J , 2, and 3) associated with time steps 
c=! , 2, and 3. In this case, the function is a linear 
combination of the hypothetical basis instruments and 
can be represented as a function of their MtF values 

for all time steps t. 
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lathi S.1: Mtf values ol a swap Cued leg across scenarios 

tdt (l+Jt and / t . 1(t represent the Mtf values of the lera coupon bond basis instruments. 4 is the discount factor from time step 1 to t«t and /,. If( is the future vahta 
factor from time step i-x to t, along a given scenario. The Mtf value of the swap fixed leg is the sum of (he MoT values of the bundled basis instrumemsj 



Table 5. 1 summarizes the swap fixed leg Mtf values 
derived as a function of the basis instrument MtF values 
across a given scenario path for the T=4 time horizon. 

In contrast to the fixed leg, the floating leg of the 
same swap must be mapped onto this set of hypothetical 
zero coupon instruments as a dynamic non-linear 
function across scenarios and time steps. The floating 
leg mappings change at each reset date (in this example, 
at i=l, 2) and are a function of the MtF value of the 
appropriate zero coupon basis instrument under each 
scenario. Prior to the first reset date (t<\) when the rate 
has already been preset at r. J( (at time (=1), the MtF 
value of the floating leg (?=2) can be represented using 
its 'fixed notional 1 representation, as the linear function 

= (l + r ,)-n*m l>( 
for / < 1 

From the first reset date (t°J) until just prior to the 
second reset date (t<2), the MtF value of the floating leg 
can be represented as the non-linear function 

t*hp ~ f( m ij, » m Jji • m 3 > ) 
1 

— • n ' fttijf + — — ■ n • nij ^ 

for lSf<2 

The first term in this expression is the value of the 
reinvested first coupon payment made at t=l, the second 
term, the value of the remaining swap payments (again 
using the 'fixed notional* representation). From the 
second reset date (t=2) onward, the MtF value of the 
floating leg can be represented as the non-linear function 



=i,-n-«.jr — 1 r B '^ + ^r~' nmm *f 

for t*2 

The first two terms in this expression are the value of 
the reinvested first and second coupons, respectively, 
the third term, the value of the final swap payment. Note 
that the dynamic mapping of the swap floating leg is 
equivalent to a strategy of rolling over zero coupon basis 
instruments at each reset date. At any given time step 
the value of the floating leg is equal to a position in a 
zero coupon instrument. Until t=l this is a known 
amount. At the first reset date (to J) the position rolls into 
a new zero coupon Instrument (with maturity at the next 
reset date r=2), in an amount determined strictly by the 
MtF value of the zero coupon bond m^. under each 
appropriate scenario. The amount of dynamic rebalancing 
at each future reset date is always a function of the 
MtF values of the appropriate zero coupon instrument 
at those dates. 

Table 5.2 illustrates the swap floating leg MtF values 
derived as a function of the hypothetical basis instrument 
MtF values across a given scenario path for the T=4 time 
horizon. 

As another example, a foreign exchange (FX), forward 
can also be mapped onto a static set of domestic and 
foreign hypothetical zero coupon basis instruments. 
Consider an FX forward whereby a notional of n in the 
foreign currency is received at t « 3 in exchange for an 
amount associated with a strike price of k (representing 
the locked-in forward exchange rate expressed in the 
domestic currency). Figure 5.3 illustrates the mapping 
sequence used to replicate this financial product. 
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f values of a swap floating lag across scenarios 
Uit^ x end f,. x t represent (ha MtF values of the zero coupon bond basis instruments. J !it+I is tha discount (actor from time step t to t+x and f w 9 the future valua factor 
from time step utoi, ebng e given scenario. The MtF value of the swspflosttng lag is the sum of the MtF values cf the bunded basis instruments.! 




Table U: MtF values of an FX forward across scaaarios 

(where d* t , +r is the foreign discount factor from urns step t to t+r and where <j, represanu the spot FX rite (expressed in tha domestic currency) at observed at tl 




Rom U: Mapping sequence of FX forward onto zero coupon basis mstnunents 



The MtF value of the FX forward {f » 3) can be 
determined as a static function of the domestic and the 
foreign zero coupon basis instruments (i = 3 and 4) 
associated with time step t = 3. In this case the function 
is a linear combination of the hypothetical basis 
instruments and can be represented as follows: 

— n • m Aft — k * n • m^, 

for all time steps t. 

Table 5.3 illustrates the FX forward MtF values 
derived as a function of the hypothetical basis 
instrument MtF values across a given scenario path 
for the Tss 4 time horizon. 

The straightforward mappings of swaps and FX 
forwards onto zero coupon basis instruments presented 
above is possible because basis instruments exist with 
maturity dates corresponding to all required cash flow 
dates. When a hypothetical basis instrument coincides 
with an actual basis instrument in the MtF Cube, the 
mapping need not be more complex than the cash flow 
examples presented above. 



Mapping of 
Hypothetical Basis 
Instruments onto Actual 
Basis Instruments 

However, if no actual basts instruments coincide with 
the hypothetical basis instruments, a second component 
to the mapping exercise is required. This additional 
component maps the hypothetical basis instrument onto 
the actual basis instruments contained in the Basis MtF 
Cube. The choice of the mapping function for interest 
rate basis instruments is equivalent to the choice of 
interpolation between two term structure nodes. 

Consider a one-unit hypothetical zero coupon basis 
instrument with a maturity date 2<t*<3 that must be 
mapped onto two actual zero coupon basis instruments 
with maturities of t=2 and c»3. respectively. This second 
component of the mapping exercise is illustrated in 
Figure 5.4. 
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figure S.* Mapping of hypothetic il basis instruments onto actual basis instruments 



One possible mapping function is based on linear 
interpolation of a term structure at the level of the 
discount factor. The MtF value of the hypothetical basis 
instrument (i«»*>. in this case, can be determined as a 
static linear function of the actual basis instruments 
d=2 and 3) and can be represented as follows: 




for all time steps t. 

A second possible mapping function is identical to the 
linear interpolation of a term structure at the level of the 
continuously compounded rate of return. The MtF value 
of the hypothetical basis instrument (i=i*), in this second 
case, can be determined as a static non-linear function 
of the actual basis instruments H=2 and 3) and can be 
represented as follows: 

| i-i 1 1 , : i-* J * ; 

for all time steps t. 

Including the second component of the mapping 
significantly reduces the number of instruments required 
in the Basis MtF Cube. Perfect mapping can still be 
achieved if a zero coupon basis instrument exists with 
maturities corresponding to each independent node of 
the term structure. As all independent interest rate risk 
factors are contained in the Basis MtF Cube, the number 
of basis instruments never needs to exceed the number 
of nodes in the term structure. 

As an example, the interest rate risk factors contained 
in the Risk Metrics data files imply a set of zero coupon 
basis instruments for government and interbank risk of 
selected currencies. Any arbitrary cash flow can, therefore, 
be mapped onto hypothetical basis instruments which are 
subsequently mapped onto the RiskMetrics implied 
actual basis instruments in a fully consistent manner. 

Note that each of the product mappings described 
in Perfect Mapping of Products onto Basis Instruments 
produces perfect MtF value replications for the financial 
products across all scenarios and time steps. 



Significantly, the mapping of the swap floating leg fully 
captures the reset risk inherent in the product as it is 
effectively replicated by a dynamic rollover strategy of the 
basis instruments. In these examples, all risk inherent in 
these products is embodied In the basis Instruments that 
are contained in the Basis MtF Cube. As a consequence, 
the valuation of these OTC securities (which may not be 
known prior to generating the Basis MtF Cube) are 
defined strictly by their mappings onto the basis 
instruments. They do not need to be simulated 
individually. 

Imperfect Mapping 
of Products onto 
Basis Instruments 

In certain cases, the mapping of financial products onto 
basis instruments results in imperfect replication. This 
may be because a less complex mapping function has 
been chosen for a specific application. On the other 
hand, it may be simply because the Basis MtF Cube does 
not contain basis instruments associated with alt relevant 
risk factors. 

In the latter case, the MtF value of a given financial 
product must be determined as a function of the pre- 
computed MtF values of the basis instruments as well as 
a set of additional risk factors, u* k * = u, , u\., which 
are not directly contained in the MtF Cube: 

m >it = m lH . • > m Nji> u l * tt \*> 

In this case, the mapping exercise itself must incorporate 
the additional risk factors, either statically or dynamically, 
across scenarios and time steps. 

Consider a newly transacted OTC option whose implied 
volatility represents a risk factor that is not associated 
with a basts instrument contained in the Basis MtF Cube. 
To produce a correct MtF value for this product, an 
additional volatility risk factor u\» must be incorporated 
into the product mapping function itself. Note that the 
volatility risk factor may be assumed constant (u\* is 
constant across scenarios and time steps) or assumed 
to be associated with a 'smile* or a 'skew'. In this case, 
uV = ftfM,) becomes a function of MtF values across 
scenarios and time steps. 

As an example, the mapping of an FX option requires 
two inputs: an implied volatility (associated with the 
foreign currency) and mappings onto a set of domestic 
and foreign zero coupon basis instruments. Consider a 
European FX call option with the same notional n, 
maturity t=3 and strike price k as that of the FX forward 
described in the previous section. Figure 5.5 illustrates 
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the mapping sequence used to map the option onto the 
basis instruments in the MtF Cube. 




flgnra S3: Mapping sequence of FX call option onto ism coupon basis iutrumants 

The MtF value of the FX option (C=4) can be determined 
as a function of the implied volatility along with the 
domestic and the foreign zero coupon basis instruments 
(i=3 and 4) associated with time step t=3. In contrast to 
the FX forward, the mapping of the FX option requires a 
non -linear function that can be based on the Garman— 
Kohlhagen model for currency derivatives (Garman and 
Kohlhagen 1983): 

m 4ji ~/( m )ir» m 4>i' U l ) 



-kncdf 









2 






Inf m " 1 


> 

«r*-<3-r) 




2 



«;v3-r 



where u*, represents the exogenous implied volatility risk 
factor associated with the foreign currency and cdf{ ) is 
the normal cumulative distribution function. Note that 
although volatility is assumed constant in this case, the 
mapping fully incorporates the non-linear relationship 
between this option and the underlying risk factors. 

This mapping can be extended to incorporate a 
volatility 'smile' by including the exogenous risk factor as 
a function of the MtF values of the basis instruments or 



A second example is to generate a series of abstract call 
options (basis instruments) associated with a generic 
underlying security (normalized to a MtF value of one) 
and corresponding to varying volatilities and terms to 
expiry. The mapping function, in this case, may be 
captured by a linear combination of the abstract 
basis instruments. 

This chapter has illustrated the benefits and some 
of the challenges associated with mapping financial 
products onto the Basis MtF Cube. The key benefit is 
the ability to significantly reduce the dimensionality of 
the Basis MtF Cube and to provide a mechanism for 
incorporating newly transacted OTC instruments. 

Consider a financial institution with an inventory of 
100,000 vanilla swaps (of a common currency) and the 
desire to produce a risk report by simulating across 
1,000 scenarios and over 100 time steps. Without the 
incorporation of a product mapping step, the dimensions 
of the required MtF Cube must be 100,000 instruments 
x 1,000 scenarios x 10 time steps. The number ol cells 
contained in the cube and the number of re-valuations 
required will be one billion. 

The inclusion of a step mapping financial products 
onto basis instruments can reduce the magnitude of this 
exercise significantly. If we assume that the institution 
utilizes a 10-node term structure (and linearly 
interpolates for other term nodes) in the pricing of these 
swaps it implies that the number of basis instruments 
can be reduced to ten without loss of accuracy. The 
dimensions of the required Basis MtF Cube are, thus, 
reduced to 10 instruments x 1,000 scenarios x 10 time 
steps with number of re-valuations reduced dramatically 
to 100,000, a decrease in the computational effort by 
a factor of 10,000. 

The key challenges of mapping financial products onto 
the Basis MtF Cube are associated with developing 
appropriate mapping functions that optimally trade off 
accuracy and complexity for specific applications. The 
mapping of financial products onto basis instruments 
occurs strictly in the post-Cube stage of the MtF 
framework, thus enabling many possible mapping 
functions to be developed and incorporated in an 
application. Clearly, this is an area where there is 
great scope for further development. ® 



While the above mapping produces an upper bound with 
respect to pricing accuracy, a high degree of complexity 
is placed upon the mapping step itself. Other mapping 
approaches may trade-off full pricing accuracy for less 
mapping complexity. A straightforward example is to map 
the option onto the same basis instruments described 
above, but based instead upon a non-dynamic delta 
(or a delta that is adjusted only for certain time steps). 
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I n order to determine the MtF values of a static portfolio 
1 or a portfolio regime through time, the next step in the 
MtF framework involves the mapping of portfolio strategies 
onto the Product MtF Cube. The result of this second 
mapping exercise is the creation of a Portfolio MtF Cube 
containing the MtF values of all portfolio regimes of 
interest. Similar to the Product MtF Cube, the Portfolio 
MtF Cube need not exist in a physical sense as it is 
completely defined by the combined portfolio and product 
mappings. 

A portfolio MtF table corresponding to time t, M" |t has 
dimensions S, x N", where S { is the number of scenarios 
and hi" is the number of portfolio regimes. Each cell 
contains the MtF value, m"^. of portfolio regime f* 

U~=l N"), under scenario i (j=i S t ). Each portfolio 

MtF table is generated as a function of the product MtF 
table and an N' x N" matrix of portfolio positions, x,, with 
each celt x r{i containing the mapping of portfolio regime 
r onto financial product t' at time step t, A Portfolio MtF 
Cube consists of T portfolio MtF tables corresponding to 
each time step t ( t- J , . . . ,T) . 



Only for a static buy-and-hold portfolio regime are the 
positions, * v constant for all t. In general, given that time 
is an explicit dimension of the MtF framework, position 
size may be time dependent, thus enabling a dynamically 
changing portfolio regime to be modeled. The fifth step of 
the MtF framework incorporates the mapping of portfolio 
regimes onto the financial products as indicated by the 
mapping sequence in Figure 6.1. 

Root 11: Portfolo raipptng WQutnca 

Figure 6.2 illustrates a Portfolio MtF Cube comprising the 
MtF values for individual portfolios generated by mapping 
onto the MtF values of the financial products at each 
time step. 

Note that a given Portfolio MtF Cube may contain 
several different regimes that correspond to the same 
initial portfolio at t=0 (i.e. v,< 0 ma Y be the same for 
several different regimes) as illustrated in Figure 6.3. 
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Rgsrt tZ Mapping of Porttollo Mtf Cubf onto I Product MtF Cut)* 




Rgire BJ: Rapresarrtiticn of muttiplt portfolio rt{pmai 

In general, the mapping of portfolio positions can be 
categorized into two general strategies, predetermined 
regimes and conditional regimes. 

Predetermined Regimes 

In a predetermined regime, portfolio strategies are 
independent of the contents of the Basis (or Product) 
MtF Cube; the quantity of positions to be mapped onto 
each financial product at each time step is defined by a 
simple position schedule. A portfolio MtF table can, 
therefore, be constructed as a straightforward linear 
combination of a fixed quantity of financial products 
in the product MtF table: 

M'>M> ( 



where, each cell of the portfolio positions matrix, x, V( , 
contains the number of positions of product f held in 
portfolio f . 

Note again that a buy-and-hold strategy is simply 
a special case of a predetermined regime where the 
portfolio positions remain constant for all t (i.e., ^ 
Is constant for all t). 

As a more complex example, consider the modeling 
of liquidity risk. If the passage of time or dynamic 
portfolio mapping cannot be modeled in the risk 
assessment framework, the change in mark-to-market 
value or a portfolio's unrealized PAL serves as a proxy 
for its realized P&L or the actual liquidation of portfolio 
positions. A liquidity-adjusted risk measure is often 
estimated by applying a simplistic add-on to a non- 
adjusted risk measure. In contrast, the MtF framework 
allows for the explicit liquidation of holdings through 
specification of a regime that liquidates the portfolio 
holding x, over a given time horizon. 

Consider a single bond (("=/) with a MtF value of 
m' i/t . Different portfolio liquidation assumptions can be 
assessed by applying different regimes. The portfolio 
mapping sequence associated with a portfolio regime 
is illustrated in Figure 6.4. 




v M: Mspptag of portfolo liquidation ragbm c 



Under the first portfolio regime fr°I), the bond is 
assumed to be liquid and can be fully liquidated 
by t=l. In this case, the MtF bond position value at 
c=0 is simply 
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m t*o~ x iio* m i>o 
= ,m i'iO 

for f = 0 

and after full liquidation at tel 

m \Jt ~ x iu "h* 

= 0 
for /£1 

Under the second portfolio regime fr=2), the bond is 
assumed to be illiquid and can only be liquidated by 
10% over each i=J ,...,! 0. In this case, the MtF bond 
position value from 0£rS/0 can be represented as 

= (l-0.Ir)x 210 <, 
for OS/510 

and after full liquidation at t>IO 

= 0 
/or f > 10 

Note that for a common time horizon of T-IO, products 
with differing liquidation periods may now be assessed 
within a consistent framework through the dynamic 
mapping of portfolios onto financial products. The 
calculation of a particular liquidation risk measure 
will typically require the settlement into a cash account 
in addition to the mechanism of bond liquidation 
described in this example. Settlement into a cash 
account is dependent upon the bond MtF values under 
each scenario and, thus, represents an example of a 
conditional strategy as described in the next section. 

As a second example of a pre-determined regime, 
consider an attribution or backtesting analysis for a 
portfolio over a given time period. Under a standard 
framework, the portfolio's P&L impact due to market 
risk factor changes over this time period may be captured 
solely through the appropriate selection of scenarios 
(for the current and the previous period market risk 
factor levels). In addition to these factors, however, 
the MtF framework enables the capture of the P&L 
impact due to time decay and position change by the 
explicit incorporation of time and different portfolio 
regimes, respectively. 



In an attribution analysis the impact of position change 
on a portfolio from the previous day ft°0) until today 
(is i) is assessed. The analysis consists of two scenarios, 
the previous day's risk facta levels 0=0) and today's risk 
factor levels (/= J ), applied to a portfolio that contains a 
single financial product (■*=!) with MtF values of m'^. 

An attribution or backtesting analysis can be 
performed by assessing the individual portfolio MtF 
values that result from the mapping of two position 
schedules associated with the change in position from 
t=0 until i=I. The first portfolio regime (i"= I ) consists 
of a static portfolio based strictly on the previous day's 
positions, or x I/0 - x,„. The second portfolio regime 
U'=2) consists of a static portfolio based strictly on 
today's positions, or x i(P = x 3n . Table 6.1 contains the 
portfolio MtF values appropriate for an attribution or 
backtesting analysis. 




Conditional Regimes 

In a conditional regime the portfolio strategies depend 
on the contents of the MtF Cube. In these portfolio 
strategies, the quantity of positions to be mapped onto 
each financial product at each time step may be a 
function of the MtF values in the Basis, Product or 
Portfolio MtF Cube under given scenarios and time 
steps. A portfolio position matrix in this case can be 
represented as a function of the Product MtF Cube 
in the following manner: 

where h t () represents a set of re-ba lancing operators 
mapping the portfolio position matrix onto the Product 
MtF Cube at time step t. 

Consider a simple T-Bill rollover strategy. At the t=J 
maturity of a current T-bill (with an original term of two 
periods), the proceeds of notional N are reinvested in a 
second T-bill that matures at t=3. At the t=3 maturity of 
the second T-bill, the proceeds are reinvested into a third 
T-bill maturing at t=5. While the rollover strategy Is 
known at each rollover date, the actual quantities of the 
three T-bills fi' » 1 , 2, 3) are a function of their MtF 
values (m' w , m 2it . m' iit ). The portfolio mapping sequence 
is illustrated In Figure 6.5. 
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T-bill Rollover 
Rgm 15: Mapping of portfolio roHovor strategy onto T-tfOs 

Prior to the first rollover date the MtF value of the 
portfolio (i"-J> is the simple linear function 

"hp = x w ' 

It 

= m i;i 
/or l< 1 

From the first rollover date U » I) until just prior to 
the second rollover date (t<3), the MtF value of the 
dynamically rebalanced portfolio can be represented 
as the non-linear function 

"hp - x \it " "4* 
N , 

for \£t<3 

From the second rollover date 6 = 3) onward, the 
MtF value of the portfolio can be represented as the 
non-linear function 



AT 2 



for tZ3 



The second equation illustrates that at the first reset date 
d-1) the position rolls into a new T-bill (with maturity at the 
next rollover date t=3) in an amount determined by the MtF 
value of the T-bill, m' 2j( , under each appropriate scenario. 
The second and third equations illustrate that the amount of 
dynamic rebalancing at each rollover date depends on the 
MtF values of the appropriate T-bill at those dates. 

Consider as a second example a delta-hedging regime 
applied to a portfolio consisting of an equity option 
fi'ss J), the underlying equity (i'=2) and a cash account 
(i'=3). At t-0 the portfolio contains a single position in 
the option and a position in the underlying equity such 
that the overall portfolio is delta neutral. The cash 
account at t=C has a position of zero. According to the 
conditional delta-hedging strategy at t=2 and t-4 the 
portfolio is dynamically rebalanced so as to delta-hedge 
the option. This is achieved by acquiring a position in 
the equity (funded by the cash account) that returns the 
overall portfolio to a delta-neutral position. The portfolio 
mapping sequence for this example is illustrated in 
Figure 6.6. 



Oelta-H edging 






Equity Underlying 



Rgore Ub Mappmg of portfolio d«!U -hedging strategy onto underlying and cash 

To execute a delta-hedging strategy the MtF Cube must 
contain other MtF measures in addition to MtF values. 
Specifically, the MtF deltas for each of the financial 
products (\=l, 2, 3) are required. These are defined as 
A' rjt » A', it . A' 2jtt A jjj. Prior to the first rebalancing date 
d = 2), the MtF value of the portfolio (»*oj) can be 
represented as 

"hji ~ Xtu ' K/i + x \v * "hji 

= m I/» ~ A !;o' m !;r 
for f£2 

From the first rebalancing date (c=2) until just prior to 
the second rebalancing date U<4), the MtF value of the 
dynamically re-balanced portfolio can be represented as 

'"ur ~ *iif * "hp + ' "Hp +x tv' n hp 

= "hp ~ ' m :>/ + Kyj " A i/o )' — 7^ ' "^y j 



for 2 S r < 4 



From the second rebalancing date (t»4) onward, the MtF 
value of the dynamically rebalanced portfolio can be 
represented as 

for 124 

The portfolio MtF values in this example not only 
incorporate the impact of a conditional delta hedging 
strategy but, additionally, enable the assessment of 
funding risk by inspection of the MtF values of the cash 
account. The conditional strategy has been mapped into 
the scenarios that underlie the MtF Cube and has thus 
satisfied the requirement that it be a deterministic 
function of scenarios. A complex multi-stage, multi- 
period stochastic problem has become a single stage, 
multi-period problem that can be readily analyzed. 
The effectiveness of different trading regimes, such as 
delta and delta-gamma hedging strategies, can be easily 
compared. €> 
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This chapter describes how risk-reward measures, 
as well as other quantitative analytics, may be 
applied to the Product or Portfolio MtF Cubes. These 
post-processing analytics are typically embedded in 
lightweight task-oriented user applications. Two general 
categories of analytics that may be applied in Step 6 
include transforming MtF values into other measures. and 
calculating descriptors of portfolio MtF distributions. For 
ease of exposition, in this chapter the notation is relaxed 
and will be used to represent the MtF value of the 
product or portfolio t under scenario j at time step t. 

Transforming 
MtF Values into 
Other Measures 

In certain applications, it is necessary to transform the 
product or portfolio MtF values prior to their input to a 
specific analysis. The transformation can be any arbitrary 
function (linear or non-linear) of the portfolio MtF value. 

Consider a portfolio with a single position in a 
financial product that is subject to credit risk. A function 
that takes the maximum of the portfolio MtF value 
and zero transforms the MtF value to a measure of 
counterparty credit exposure. In addition, if the portfolio 



is composed of multiple positions, the transformation 
itself may also account for netting rules and other 
applicable credit migration provisions. Note, that 
for the measurement of counterparty credit exposure, 
the reinvestment of cashflows is not desired and, thus, 
the basis instruments are not bundled to account for 
total return as described in step one. 

Table 7.1 summarizes the transformation of portfolio 
MtF values required to provide some example of credit 
exposure measures. Note that these transformation 
functions require only the information residing in the 
pre-computed MtF Cube. For the measure actual 
exposure, a simple transformation is applied to the 
portfolio MtF value under each scenario and time step. 
In the case of potential exposure, the transformation is 
slightly more complex; it is based on all portfolio MtF 
values over the t £ i* £ T time horizon for a given scenario. 




Telle 7.1: Transformation of MtF values to craft eiposura measures, 
(where m^istheMtf value oi single position portfolio i undir scenario; et 
time step 1. 1" represents e time step that Is in die interval t £ t* ST when T 
is the tbnt horizon.) 
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Additional information not included in the Portfolio MtF 
Cube may be required for more complex transformations. 
This information can be incorporated, statically or 
dynamically, in the transformation. 

Calculating Distribution 
Descriptors 

Typical post-processing applications calculate statistics 
characterizing the market risk, credit risk, liquidity risk 
and performance profiles associated with particular 
products or particular portfolio regimes. A variety of 
summary statistics may be calculated by aggregating 
the MtF values across the scenario and/or time step 
dimensions of the appropriate MtF Cube. 

In many cases, the applications will require the 
inclusion of scenario weightings as defined by the S ( x I 

probability vector p. where each cell ff> ( - = />, p s ) 

contains the probability associated with each state 
It is only in this step of the MtF methodology that 
probabilities must be explicitly incorporated into 
the process. 

In other cases, additional information such as 
counterparty default probabilities and recovery rates may 
also be required. These additional information requirements 
must be incorporated directly into the algorithms embedded 
in the post-processing application itself. 

The risk and reward measures that may be 
incorporated in this step may span all dimensions of 
the Portfolio MtF Cube. Thus, in addition to standard 
measures which often rely on backward-looking scenarios 
and ignore the passage of time, the MtF framework 
enables the incorporation of forward-looking measures 
that have full access to future distributions of MtF values. 

An approach such as this is ideal for the calculation 
of measures that are based upon relative performance 
with respect to a benchmark. Consider the measure of 
expected downside, calculated as the expected under- 
performance of a product or a portfolio with respect to 
the benchmark's performance across a range of scenarios. 
If we let the functions (r) + and (x)' equal rWx.O) 
and \mm(x,0) I . respectively, then the value of expected 
downside at time t for a product or portfolio t (with 
respect to a benchmark) is equal to, 

where r, r represents the value of an arbitrary benchmark 
under scenario j at time t. This measure is ideal in the 
context of evaluating the performance of mutual funds 
with respect to target payoffs. This measure may be 
modified to include a coefficient of risk aversion X to 



provide the risk-adjusted measure of regret, or simply 

A key construct underlying the calculation of the 
distribution descriptors associated with various risk- 
reward measures is that the input for each is the same 
MtF Cube. Thus, the MtF methodology provides a 
unifying framework for the integration of market risk, 
credit risk and liquidity risk measures. Selected risk 
measures associated with each of these risk classes 
are summarized in Table 7.2. 

The forward-looking Portfolio MtF Cube can be 
used for the assessment of reward and performance 
as well as for risk measurement. Table 7.3 provides 
selected reward and performance measures applied 
as post-processing applications. 

The Put/Call Efficient Frontier performance measure 
defined in Table 7.3 provides a novel means of assessing 
the trade-off between risk and reward realizable only in 
a MtF framework. This measure essentially separates a 
portfolio's performance with respect to a benchmark into 
its upside U r , and its downside D r , and places a value on 
the upside and downside by assuming an arbitrage-free 
market. The value of the upside translates intuitively into 
the call value of the portfolio while the value of the 
downside translates intuitively into the put value of the 
portfolio. Note, significantly, that by placing a value on 
the upside and the downside, a forward-looking 
performance measure has been defined based strictly 
on the MtF values of existing securities. 

These definitions of call value and put value as 
applied to a portfolio's future distribution enables the 
terminology and intuition of option pricing to be 
applied to portfolio valuation where the underlying 
process is driven by a potentially vast number of 
underlying risk factors. 

By definition, the call value always equals the put 
value for a given portfolio in an arbitrage-lree and 
frictionless market (assuming the current value of the 
benchmark is equal to that of the optimal portfolio). 
Therefore, a feasible frontier, as defined by the call value 
against the put value, is a 45° tine (i.e. having a slope 
of one) and contains all fairly priced securities. 

When investors have a personal risk adjustment factor 
1 equal to one, they possess the same level of risk 
aversion as the market in general. From their perspective, 
all securities are equally desirable. In other words, the 
call value always compensates appropriately for the 
put value. 

However, when investors possess a %. that exceeds 
one, they are more risk averse than the market and, thus, 
prefer to hold positions that mimic the benchmark. If an 
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p t -it* I jl and tfit* 1/ ) represent the probability ol default and recovery rata (given derauh) ai time nap t = t' under scenario/. The parameter a represents a one-tided 
confidence interval, represents tne MtF value of a bencnmsrt portfofio at time i under scenario /. p f represents the risk>neutrsl probability of state j occurring and m ^ is 
the rero coupon basis instrument associated with time step l It is assumed thstj = 0 represents the base scenario. The functions (0* and <x>- equal max f x.OJ and 
train (x.Ci\ . respectively. The parameter X represents e specified risk aversion coefficient 



investor's k is constant for all levels of put value and if 
markets are infinitely liquid (no long or short constraints 
on the purchase of securities}, the investor will hold only 
a portfolio that mimics the benchmark. 

When investors possess a k that is less than one, they 
are less risk averse than the market and prefer to hold 
positions that accept more put value in exchange for 
more call value. If k is constant for all levels of put 
value and if markets are infinitely liquid, the solution is 
unbounded as these investors will continually leverage 
their portfolio to achieve more and more call value. 

However, typically markets have finite liquidity and 
individual risk adjustment factors k are likely to depend 



on the level of the put value. Thus, an optimal portfolio 
(with an optimal call value against put value) may indeed 
be determined under most conditions, tf an individual 
(or an institution) is willing to accept a given amount of 
downside (in exchange for greater upside), an optimal 
portfolio may be determined that incorporates the impact 
of finite liquidity in the market. Individuals who are only 
wilting to accept a small quantity of downside in search 
of greater upside may not be impacted greatly by finite 
market liquidity. In contrast, individuals who are willing 
to accept a greater amount of downside may encounter 
significant liquidity effects in their attempts to take on 
an appropriate portfolio position. © 
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Reward Expected PAL A 




TkfatsTJ: Sitactad reward and performance meesures 

(t^ represents the Mif value of ■ benchmark portfolio it time t under scenario;, h ts assumed that j « 0 represents the base scenario, pj represents the risk-neutral 
probability of state; occurring end is the ttro coupon basis instrument associated with tins step i. The parameters X and 31 represent a specified risk aversion 
coefficient and risk adjustment factor, respectively. The function )W* equals max (x.Oi.) 
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in a MtF framework (Dembo 1998a, 1998b), the 
i upside can be modeled by a European Call option with 
maturity equal to the horizon and a strike given by the 
MtF value of investing an amount, equal to the mark-to- 
market value of the portfolio, in a benchmark instrument 
(or numeraire). A short position in a European Put option, 
with an identical strike and maturity, has the same payoff 
as the downside. The trade-off between risk and return 
for any portfolio is therefore captured by the trade-off 
between its Put and Call value. If Put/Call parity holds, 
the forward value of the deal is then (Call - Put). We 
define the risk-adjusted value to be (Call-A.*Put) where 
X is a parameter expressing an investor's aversion to 
risk"'. The linear function VPut, which we call the 
investor's Regret, captures not only the downside but also 
the psychological factors that may influence an individual 
or an institution in their aversion to risk. 

This is an inherently forward-looking view of risk-return 
since the value of the Put or the Call depends exclusively 
on future events; it is entirely oblivious of the past. 
Naturally, the past might influence one's choice of future 
scenarios, which will affect the Put or the Call value, 
but in all other respects the past is irrelevant. 

How does one calculate the Put or Call value of an 
arbitrary portfolio? Moreover, in order for the Put/Call 
decomposition to be useful, we need to be able to value 
them in both complete and incomplete markets for 
portfolios of arbitrary composition. The model described 
in this chapter achieves these goals. 

The Put/Call 
Efficient Frontier 

The Put/Call Efficient Frontier traces the maximum 
upside for given levels of downside. Equivalently, it 
may be formulated as the minimum level of downside 
for fixed levels of upside. As we have shown, the upside 
in a MtF may be modeled and priced as a European 
Call option on the future value of the portfolio, with 
strike equal to the MtF value of a benchmark instrument 
and maturity equal to the horizon. The downside may be 
expressed and priced as a European Put option. If the 
maximum tolerable Put value (downside) is parameterized 
by Jc, then the efficient frontier, c(k) is found by solving, 
for various levels of It: 



Maximize: 
Subject to: 



Call Value 

Put Value not exceeding 
a prespecified value, Jc. 




RpfftM Tht Pirt/Cefl Gffictam Frontier 

The Put/Call frontier is computed in two stages, each 
one involving an optimization model. First, to obtain 
the Put/Call values we compute appropriate state-price 
vectors (or risk-neutral probabilities) to discount the 
downside and upside components of the MtF vector. As 
we will see, this requires the solution of an optimization 
problem since we cannot assume that the market is 
complete. This formulation is related to the OPR model 
in Dembo (1995). The Put/Call frontier is then obtained 
by solving a second, very similar, optimization model. 

In defining the Put/Call model we make the following 
assumptions: 

• The market is illiquid; that is, there always exists some 
level of trading at which liquidity constraints become 
binding. At this level, the price of the security 
increases with the quantity traded. 

• Market participants (i.e. an individual, a bank etc.) 
will operate under an additional constraint; namely, 
they will only trade within a pre-specified downside 
limit. In other words, participants select a maximum 
downside that they can tolerate (by default, their 
equity) and, as we will see. this wilt determine how 
they price risk. 



Notation 



For ease of presentation we only show the single 
horizon model and drop the subscript t that denotes 
the time step. 

Let 4 be an N-dimensional vector of observed market 
values, one for each security f e J 

Let M be an S by N matrix whose columns are the 
MtF values of each security. S is the number of scenarios 
and p is a vector of prior (subjective) scenario 
probabilities. 



2J7 part 2 Tht Marft-t».Ftittfr* M«U*dtlo|y 



CA 02290888 1999-11-26 



072 



If x is a portfolio of positions in these N securities, 
then q r x is the mark-to-market and Mx is the MtF of 
the portfolio. We assume that liquidity is modeled 
by allowing each security to be represented by a 
piecewise-linear function, with the price being a 
monotonic increasing function of volume. This then 
results in bounded positions, a £ x Si and instruments 
that are tranches of the actual traded securities. 
The bounds that this introduces into the model are 
not arbitrary trading amounts but forecasts of the 
price/volume relationship of each and every security. In 
principle, any amount of any security will be allowed into 
a solution if the model is willing to pay the price. The 
only true upper bound on the security might be the total 
number in circulation. We assume there is an absolute 
lower limit on the amount of shortselling for each security 
and that there is only one price at which shortselling 
occurs, regardless of the amount sold (i.e. one 
shortselling tranche). The lower bounds, & for all 
tranches of a traded instrument are all zero with the 
exception of the lowest tranche (short-selling) whose 
lower bound may be negative. The upper bounds i on 
tranches are all positive or zero. A security is then the 
sum of its tranches (see Figure 8.2) 




Rgnre &2 Modeling liquidity: Toil I Price vi Quantity is pttcewtse-llnetr 



Let r be a column vector of dimension 5 whose elements 
are the value of a unit of the numeraire at the horizon for 
each and every scenario; then Mx - rq r x is a vector of 
future values of the portfolio minus the future value of 
the benchmark, that is. the net gain or loss (P&L) relative 
to holding an amount, equal to the mark-to-market value, 
In the numeraire. 

Define u(x) a (Mx - rq T x)* 2 0 to be the future P&L 
upside and d(x) m \ (Mx - rq T x)' I * 0 to be the absolute 
value of the future P&L downside. Then, by definition, 
u(x) - d(x) s Mx - rqT X . 



Let pe RS be a set of risk-neutral probabilities 3 . Then 
p T u(x) and p T d(x) are Call and Put values respectively, 
on the future P&L. 

Formulating the 
Put/Call Efficient 
Frontier Model 

In the formulation below, we allow u and d to be implicit 
functions of x. That is, they are treated as variables. The 
Put/Call Efficient Frontier is then generated by solving 
the following linear program (LP) for various levels of 
expected downside, fc (see Dembo 1995). 

e(k) s Maxlmize (l(ll|(I j: p T u 

Subject to: p l d £ k 

«-d-(M-rq T )x = 0 
S SxSi 

The upper and lower bounds on the positions, x, arise 
solely out of liquidity considerations. The different prices 
for different tranches of securities made up by subsets of 
x are reflected in the mark-to-market, q, and MtF values, M. 

One of the difficulties of this formulation is that a 
risk-neutral probability vector, p, is not known a priori. 
To obtain p we first solve a related problem, with the Call 
and Put being replaced by the expected upside, p T u(x) t 
and expected downside, p T d(x), respectively (i.e. replace 
p with p). Once this has been solved p can be recovered 
and the true Put/Call Efficient Frontier generated. 

e p (k) e Maximize (r(ll(dJ : p T u 

Subject to: p T d £fc (u) 

u-d-(M-rq T )*=0 (k) 

uSO; dSO 

We refer to e p (k) as the Primal problem. The values in 
parentheses associated with each constraint are the 
dual variables. 

The Dual of this problem, e d (U), is: 
e 4 (k)a Minimize^ Kttt4) : feji*i T a+x T © 

Subject to: (M - rq T ) T n; + » - m - 0 (x) 

- k + p\i z o (d) 

Tt 2 p (u) 

(Q£0; d) £ 0 
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The values in brackets associated with these constraints 
are the primal variables. 

This is a linear programming primal/dual pair with 
the following data requirements: 

• M MtF of eligible securities 

• p (subjective) probabilities associated with MtF 

scenarios 

• q Mark-to-Market/Modet (MtM) or current price 

• r the growth rate of the numeraire over the 

horizon under each scenario 
s ; x lower and upper ranges for which MtM price 
is valid 4 . 

At the solution to this LP the primal and dual objective 
functions must be equal. This provides the equation 
describing the (expected) upside/downside efficient 
frontier. Equating the two objective functions gives: 

e p (k)~ fcu - s T tf + i T cb 

If the upper and lower bounds on x are either not present 
or inactive at a solution, then e p (k) = fcu> T which is the 
upside to downside trade-off when there is infinite 
liquidity. As these constraints kick-in, they reduce the 
maximum upside. As we allow for more and more 
downside (i.e. increase Jc) more and more of these will 
become active and their shadow prices (a>, ri>) will 
change. Notice that (-z T ® + at 1 ©) is always non- 
negative, however, since * is zero or negative, x is zero or 
positive and ©. fi> £ 0. This implies that c p (0)*0. Thus 
the efficient frontier does not necessarily touch the origin. 

The dual prices u-, a and d> change only at certain 
values of fc s . Thus, e p (k) is a piecewise-linear function 
with slope u. (i.e., u = 3 c p (k)Rk). Moreover, it can be 
shown that u is a monotonia decreasing function of k, 
and so the efficient frontier is concave (Figure 8.3). 
This is consistent with the fact that, as downside 
increases, the most attractive securities (or tranches) 
reach their trading limits and we are forced to enter 
into ever-inferior positions*. 




Rgort U Upsttt/DownsMfl Efficfem fromltr isolation to LP Modal) 



The complementarity conditions for this Primal/Dual 
linear programming pair are: 



n T (u-d-(M-Tq T )x) 


= 0 




= 0 


6 T (x-*> 


= 0 


fl> T te ■ x) 


= 0 


x r (lM-rq T ) T K + u-&) 


* 0 




= 0 


u T ( n-p) 


= 0 



At optimality the primal variables x, it, d and the dual 
variables n, u, a>. <& must satisfy primal feasibility, dual 
feasibility and complementarity conditions. 

Dual feasibility requires u. 2 1. From complementarity, 
this implies p T d = k in any optimal solution. Notice also 
that u. = I implies it = p for any dual-feasible solution. If 
it = p is feasible in the dual then, as we will show below, 
p is a risk-neutral probability vector. If n = p is not 
dual-feasible, this implies u > J. 

Dual feasibility also implies that 

T(fA T p = q + (t 0 I Zf jtf 

where p = n I ^ it, is a vector of risk-neutral probabilities 
and r 0 « i / r T p is a risk-neutral discount factor. The dual 
prices » and <o give rise to liquidity discounts and 
premiums, respectively, that property price securities in a 
risk-neutral framework. Thus, we can view the quantity 

as a set of liquidity-adjusted risk-neutral security prices 
that satisfy 

We can interpret the term (r c I t t i^Hd - «) as the amount 
by which today's prices need to be adjusted to reflect 
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market liquidity. The probability vector p may then be 
thought of as liquidity-adjusted risk-neutral probabilities. 
If (bj > 0 then <n } = 0 and there is a liquidity premium that 
we apply to the mark-to-market value ^ in order to 
compute appropriate risk-neutral discount factors. If, 
on the other hand, = C and « j > 0 then the mark-to- 
market value is too high and we apply an effective 
discount to q } . The larger these dual prices, the more 
the market wants to push through the barrier imposed 
by the liquidity bound and, therefore, the higher the 
premium/discount. If the liquidity model accurately 
reflects market price behavior then this information 
properly calibrates risk-neutral probabilities to obtain 
more realistic prices. 

The first complementarity condition implies 

r 0 p T tt - r c p T d =s r 0 p T (M - rq T )x 

which is a statement of Put /Call Parity, since r 0 p T « is 
the value of a Call and r 0 p T d is the value of a Put on the 
future P&L with respect to the numeraire. Thus, k, and 
hence p, which are obtained as by-products of solving the 
above linear program, are the missing link needed to 
properly price the Put and Call in a MtF framework. 

The majority of the work required to set up and solve 
the Put/Call model is in computing the MtF matrix, M. 
Once this has been done, the model can be easily solved 
using standard LP software. Even problems with many 
thousands of instruments and scenarios can be solved 
in a few minutes on a PC. 

Finally, once the risk-neutral probabilities, p, have 
been calculated we are in a position to compute the true 
Put/Call efficient frontier. We do this by solving the 
original model e(k), which is effectively equivalent to 
solving epCfc) with p in place of the subjective 
probabilities p. All of our preceding observations 
regarding the upside/downside efficient frontier, namely 
its piecewise-linearity and concavity, extend naturally to 
the Put/Call Efficient Frontier. The key difference is that 
the Put/Call Efficient Frontier has been calibrated to 
reflect the implied risk preferences of investors. 

Note that each segment of the upside/downside 
efficient frontier potentially gives rise to a different set of 
risk-neutral probabilities. Thus, investors with different 
tolerances for risk (as measured by the expected 
downside, Jc) may in fact obtain different risk-neutral 
probabilities, discount factors and Put/Call Efficient 
Frontiers. Figure 8.4, shows two investors, A and B, with 
respective risk tolerances k A and k B . Being on the second 
segment of the upside/downside efficient frontier, investor 



A uses the corresponding probabilities p 2 10 construct a 
Put/Call Efficient Frontier. In contrast, investor B'i greater 
risk tolerance places her on the third segment of the 
upside/downside efficient frontier, and her Put/Call 
Efficient Frontier is constructed using probabilities p s . 




Rgtft M Different risk totorgncts end risk-neutril probibiGdat 



Recall that we use (Call - fc*Put) to measure risk-adjusted 
performance, where 31 is a parameter expressing an 
investor's risk-aversion relative to the prevailing market 
preferences. An investor's \ determines which of the 
Put/Call efficient portfolios wilt be preferred. Specifically, 
an investor with risk-aversion X c will select: 

• an efficient portfolio with u = or, if there is no such 
portfolio, 

• an efficient portfolio with u. = ^ and the largest call value 

Linking Market, Credit 
and Other Risks 

One of the most important aspects of the framework we 
have presented is that it is entirely generic. In developing 
the Put/Call Frontier we have made no assumptions about 
whether market, credit or any other risk is involved. If the 
scenarios contain events that link these types of risk and 
if the MtF is properly computed, then the Put/Call 
Frontier will be an efficient frontier that links all these 
risks and trades them off with their upside. Correlation 
between all these types of risks will be taken into 
account, since it is implicit in the choice of scenarios. 

This further reinforces one of the primary principles 
behind MtF. By separating the simulation from the risk 
measure itself, the way in which we trade-off risk and 
return and link various types of risks may be developed 
in a generic manner. 
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' This section is based on Dembo 
(1999). The MtF framework supports 
a wide range of models, including 
scenario optimization (Oembo 1991) 
and optimal portfolio replication 
[Dembo 1995]. 

1 In the Put/Call framework, k actually 
presents an investor's degree of risk 
aversion relative to that of the market 
in general (e.g., k s 1 for an investor 
that is as risk-averse as the market 
while investors with k< 1 and &> t, 
respectively, less and more risk- 
averse than the market). 

1 In fact p is not necessarily a risk- 
neutral probability when the market is 
incomplete (see also: Dembo [1995], 
Dembo and Rosen 11999]). ft is the 
appropriate discount factor we need 
for pricing a Put or Calf in a MtF 
framework. In an incomplete market p 
may be viewed as a set of Regret- 
Neutral or Utility-Neutral probabilities, 
which may be used to price 
a Call or Put 



1 We allow for liquidity effects by 
modeling the price of each security 
as a piecewise-linear function. This 
requires that each security be 
represented as a sum of bounded 
securities, with a particular order 
in which the securities are 'filled*. 
The MtF (M) and mark-to-market [q) 
values reflect the relative desirability 
of the securities and ensure that they 
are filled in the required sequence. 

1 Specifically, when there is a change 
in the optimal basis of the linear 
program. 

1 To allow proper interpretation of the 
results, we impficttly assume that 
H > I (i.e., market prices reflect the 
fact that we require more than one 
unit of upside to take on one unit of 
downside). This assumption can be 
relaxed if the (nonlinear) constraint 
u T d = 0 is added to problem ep(k). 
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The primary objectives of the Spadina Bank's enterprise- 
wide risk management system are to 

■ deliver validated local risk reports and draft global 
risk reports by 09:00 local time 

- satisfy regulatory requirements for risk reporting 

• effectively allocate credit by calculating counterparty 
exposures that account for netting and portfolio 
diversification 

• provide decision support to traders on a timely basis in 
order to maximize returns for a given level of risk capital. 

In accordance with recent regulatory best-practice 
guidelines, the bank requires an integrated framework for 
market, credit and liquidity risk management. The local and 
global market risk reports must satisfy regulatory reporting 
requirements for institutions using internal models. 

Risk Reporting 
Requirements 

The bank's objectives for market, liquidity and credit 
risk management are outlined below. 

Market Risk Measures 
The Spadina Bank's primary market risk measures 
include a global non-parametric VaR at the 99% 
confidence level for a 10-day holding period, scenario- 
based sensitivities at the desk level and equity-specific 
risk. The bank relies on comprehensive stress scenarios 
for market and liquidity risk to assess losses under 
extreme and relevant market events. 

Liquidity-Adjusted Global VaR. Global VaR is calculated 
using 1,000 multi-step Monte Carlo scenarios over a 
10-day time horizon, using time steps of three different 
lengths: two days, five days and 10 days. There are four 
scenario sets: a set of interest rate scenarios; FX scenarios; 
equity risk scenarios; and a fourth set comprising a full 
set of joint interest rate, equity, and FX scenarios. 

The bank classifies all positions into one of three 
categories — highly liquid, liquid and illiquid. This 
classification is reviewed on a quarterly basis. The highly 
liquid positions are settled into cash in two days, the 
liquid positions in five days and the illiquid positions are 
settled at the 10-day risk horizon. A dynamic portfolio 
strategy is required to capture the liquidity premium 
over the 10-day horizon. 

Scenario-Based Sensitivity Analyses. The Spadina Bank 
uses 118 product-specific scenario-based sensitivity 
analyses to isolate the impact of various risk factor 
shocks on the value of the portfolio. These scenarios 
include shocks to node points on curves, FX rates and 
volatilities. The bank has chosen an instantaneous price 



shock: the portfolio positions remain static while the 
portfolio is revalued under each scenario (BIS 1996). 

Stress Testing. The bank uses 50 stress test scenarios 
based on historical data to account for atypical events. 
These data are selected from periods of high market 
volatility and from those periods during which the bank 
experienced significant losses. User-defined scenarios 
may also be defined fa local measures. 

Stress tests include standard historical stress scenarios 
such as the 1987 crash, or the 1998 flight-to-quality 
period and proxy scenarios for emerging market positions, 
as described in Part 2, Chapter 3. The bank is concerned 
about market-neutral arbitrage positions that show little 
exposure under standard stress tests but might exhibit 
high exposure under less obvious stress conditions. Hence, 
a small representative benchmark portfolio is evaluated 
periodically over a large historical time series to identify 
additional context-dependent stress scenarios. To assess 
liquidity risk, stress scenarios that capture market events 
over three time steps are used. 

Equity-Specific Risk. The Spadina Bank has chosen to 
use an internal model to measure equity-specific risk. 
The model is based on a simulation that uses two years 
of historical data. 

Credit Risk Measures 
The Spadina Bank must measure netted, global 
counterparty credit exposure. The bank uses 1,000 
multi-step Monte Carlo scenarios, with 32 time steps, 
over 20 years. The bank conservatively assumes that the 
credit risk of OTC positions cannot be hedged over the 
life of the contract; hence, the horizon for the analysis 
is the maturity of the longest dated contract, in this case 
20 years. The time steps are increasingly large: the bank 
uses daily steps for the first week, weekly steps for the 
first month, quarterly steps for the first year and yearly 
steps for the remaining years. The portfolio is aged through 
time accounting for both cash and physical settlement. 
MtF values are post-processed to compute counterparty 
credit exposures, both on a gross and netted basis using 
a 99% confidence level. 

Summary of Reporting Requirements 
The number of revaluations required to produce the risk 
measures described above for the global portfolio are 
summarized in Table 1.1. If no basis instruments are 
defined approximately 6.4 billion instrument valuations 
are required to produce the global risk report. For example, 
to calculate global VaR, 200,000 positions (120,000 
OTC and 80,000 exchange-traded positions) are valued 
across 1,000 Monte Carlo scenarios and over three time 
steps. To calculate credit exposure, 120,000 OTC 



part 3 TKhnoloo CMtttfinllMti 3.4 



CA 02290888 1999-11-26 



081 




EquftyViR 200 1.000 3 600.000 

FX V*R 200 1,000 3 600,000 

amntntlnt 200 50 3 30.000 

CndltnpoHini 120 1.000 32 _ h**°-°°9 

Tabb 1.1: Summary of computations required tor risk reporting mtaiures with no basts mapping 



instruments must be valued over 1,000 Monte Carlo 
scenarios and 32 time steps. 

An efficient valuation engine can revalue between 
500,000 and 2 million instruments per minute on a single 
300 Mhz processor, depending on the complexity of the 
instruments. To be conservative, all time estimates are 
based on a revaluation rate of 500,000 instruments per 
minute. Approximately 210 hours (6.4 billion revaluations 
at 500,000 revaluations per minute) are required to 
compute the risk measures summarized in Table 1.1. 

Clearly, to produce these risk measures within an 
overnight window the calculations must be performed 
in parallel. Parallel computations can be executed in a 
centralized or distributed process, within or outside of 
the MtF framework. Both centralized and distributed 
approaches are considered in the following sections. 
In the next section, a traditional, centralized approach 
that is not based on the MtF framework is presented. 
As the discussion demonstrates, the length of the 
overnight processing window is such that trade-offs 
must be made between the degree of parallelization 
and the degree to which the bank achieves its 
reporting objectives (Penny 1999). 

A Centralized 
Approach Outside 
the MtF Framework 

The non-additivity of most key risk measures contributes 
to many of the difficulties inherent in traditional enterprise 
risk management. For example, the credit exposure at a 
certain confidence level of a portfolio containing two 
derivatives is not the sum of the credit exposures of those 
two derivatives computed independently. In fact, no 
function of two independently computed credit exposures 
yields the portfolio credit exposure. This is equally true of 
credit losses, VaR and any type of risk-adjusted return. 



The traditional approach to producing the global report is 
to consolidate end-of-day positions from each branch in 
the New York head office, to compute the required 
measures at the various portfolio levels in the hierarchy 
and then to process and produce the global reports 
centrally. Using this approach, the system must be 
centralized. For a global financial institution such as the 
Spadina Bank, this means collecting into a central data 
model all the terms and conditions and position holdings 
of all securities held in the enterprise, applying the 
appropriate market data and configuring appropriate 
pricing functions to perform valuations. It also results 
in a duplication of effort. The expertise required to deal 
with the various financial products distributed among the 
business units in Tokyo, London and New York must be 
duplicated at the head office. 

The daily processes at the branches and head office 
of a traditional centralized approach are illustrated in 
Figure 13. The three timelines display the local time 
in Tokyo, London and New York on a 24 hour clock. 
Alongside each timeline, horizontal bars illustrate the 
operations over time in each of the branches and in the 
New York head office. For the purpose of this discussion, 
the New York branch daily process is considered to be 
independent of the New York head office. 

The daily processing in the Tokyo, London and New 
York branches is similar, however, the length of processing 
time required depends on the size and composition of the 
positions and the computing power at each branch. The 
processes at the Tokyo branch serve as an example for 
discussion of the components of the daily process at each 
site. Unless otherwise specified, all times are local times. 
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Prepare Market Data: The Tokyo market closes at 15:00 
on day T. The Spadina Bank has made a policy decision 
to use Tokyo market data for Tokyo risk reports and for 
global risk reporting of the Tokyo positions. Accordingly, 
the closing market prices are used to bootstrap all 
required interest rate curves, credit spread curves and 
volatility surfaces. By 15:30 the bootstrapped, scrubbed 
market data for Tokyo is available. 

Process Back Office and Transmit Data: By 22:00 on day 
T, the Tokyo end-of-day position data is assembled. At 
this stage, the position data is unvalidated— it has not 
been revised to reflect the errors and omissions that 
might be found at 07:00 on day T+I, Both the market 
data and the draft position data are transmitted to the 
head office, arriving at 08:00 EST (Eastern Standard 
Time) on day T in New York. The London market data 
and draft position data arrive in New York at 17:00 EST 
on day T and the New York draft data is assembled by 
22:00 EST on day T. 

Prepare Stress Scenarios: At 19:00 EST, before overnight 
processing begins, stress test and sensitivity scenarios 
for the next day are prepared centrally. A special risk 
committee, with input from senior management, prepares 
a consolidated and consistent scenario set. Most of the 
scenarios do not change day-to-day. 



Prepare Draft Global and Local Reports: Outside of the MtF 
framework, the global position for each trading day, T, 
must be assembled centrally before processing begins. 
At 22:00 EST on day T the draft global position is 
assembled at the New York head office. There is a nine 
hour window for overnight processing. Given that 210 
hours of computing time are required, 27 processors 
perform the risk calculations in parallel to produce the 
reports for the market risk and credit risk limits 
structures illustrated in Figures 1.1 and 1.2. 

The draft local and global reports are transmitted to the 
branch offices at 22:00 on day T+I in Tokyo, at 13:00 on 
day T+I in London and at 08:00 on day T+I in New York. 

Errors and Omissions: At 07:00, the Tokyo risk manager 
arrives at work. Her first task is to review last night's risk 
reports and to examine e-mails from operations providing 
notification of data errors. On an average day, three to five 
of the 50,000 positions have either been omitted or 
entered incorrectly. These errors often significantly alter 
the risk profile at the desk level and occasionally alter the 
risk profile at the branch level. Errors can include missing 
instruments, incorrect positions, incorrect or missing 
static data, incorrect or missing market data and terms 
and conditions data. 

The errors and omissions reports from the branches 
are transmitted to the New York head office as they are 
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completed. Hie centralized data is valid af;er corrections are 
made based on the last errors ana omissions report received 
from the New York branch at 08:00 EST o i day T* I . 

Prepare Final Global Report: At 08:00 EST on day 7-/. 
the validated global position is assembled at the New 
York head office. A second nine hour processing window 
is required to produce the validated global risk report. 

The final local and global reports are. :ransmitted to 
the branch offices at 07:00 on day 7+ J m Tokyo, at 
22:00 on day T-t-l in London and at 17:30 on day T+l 
in New York. Each branch office has a v< lidated local and 
global report for day T at the start of trading on day T+„\ 

Though workable, this is a complex implementation 
owing to Ihe difficulties inherent in massve centralization. 
Most importantly, the minimum total processing time 
cannot be less than the time required to assemble all 
portfolio information in the central location. For a medium- 
sized bank such as this, collecting portfolio information 
centrally consumes the overnight processing window. 

Thus, only New York receives draft global and 'ocal 
reports by 09:00 on day 7+/. Validated global and local 
reports are not available until the start ol trading on 
day 7 +2. Some of these difficulties can be mitigated 
by processing local positions to produce local reports. 
By duplicating the computing power of the head office 
across the branch offices and running lot al overnight 



processes, each branch can produce a draft, local report 
by the start of the trading day on 7+1 and a validated, 
local report by mid-day on day 7+ J. 

This centralized approach also has the disadvantage 
that reports must be pre-configured. Thus, a re-configuration 
of the set up and a new overnight computation or a 
doubling of the computing power is required to perform 
drill -downs or re-aggregations. 

Centralizing all information is especially problematic 
when we consider the key incremental measures required 
to run a financial institution. Most prudent managers 
insist that decision makers understand the impact of 
their local decisions on the key global measures used 
to run the organization. In the case of revenue, this is 
straightforward: an additional $1 earned locally is an 
additional $1 earned globally. However, an additional 
$1 of credit exposure incurred in a trading portfolio does 
not necessarily mean an additional $1 of credit exposure 
at the enterprise level, because of netting, offsetting 
correlation effects, and the like. 

Thus, a centralized approach is impractical as a 
method for feeding incremental, pre-deal analysis 
numbers back to the decision makers. Imagine a swaps 
dealer in Tokyo wishing to understand the impact nf a 
proposed new deal on enterprise VaR and global credit 
exposure with a particular counterparty. The local 
application system must capture and transmit the details 



CA 02290888 1999-11-26 



084 




of a proposed deal to the central system at the head 
office in New York. A computation involving the tentative 
deal and all other open positions in the bank is then 
performed. Finally, the incremental numbers are returned 
to the Tokyo desk. Given the time zone differences, the 
most current global information is based on yesterday's 
draft data or validated data from two days earlier. 

In summary, a centralized approach implemented 
outside of the MtF framework is workable but does not 
allow the Spadina Bank to achieve its reporting goals. 
In the next sections, we consider two approaches that 
exploit the additivlty property of the MtF framework. 
The first is a centralized approach implemented in the 
MtF framework which permits the daily processes to be 
pipelined. The second is a distributed approach which 
creates further opportunities to improve performance. 
Daily processes implemented in the MtF framework allow 
the bank to achieve its risk management objectives. 

RgpntJt Only proeen in (ft* eimriKKd tpproKh in th« MtFfr*m«woffc 



A Centralized 
Approach Within 
the MtF Framework 

A very significant reduction in processing time and 
storage of results is achieved by mapping financial 
products, particularly linear instruments such as bonds 
or swaps and plain-vanilla options, onto basis instruments 
as described in Part 2, Chapter 2. The 80,000 exchange- 
traded positions are mapped onto 5,000 unique exchange- 
traded products that serve as basis instruments. The 
102,000 standardized OTC positions are mapped onto 
an additional 2,000 basis instruments; details of the 
mapping of these OTC positions Is summarized in Table 1.1. 
The remaining 18,000 non-standardized OTC derivatives 
are mapped one-to-one onto basis instruments. 

The mapping significantly reduces the number of 
instrument revaluations required for exchange-traded 



H — I — I — I — I I I I I i — I — I — I — | — | — I — | — I — [ 

Tokyo 

H — I — I — I — I — I — hH— I — I — I — I — I — I — | — I — I — | — [ 

London 

— i — i — i — i — i — i — i— HH — i — i — i — i — i — i — i — i — I — t 



New York 



CA 02290888 1999-11-26 



085 




Standardized OTC 102 5 j 2 98 

•itfatWiiWrf-:.*^ 

Tills 1.2: Percentage reduction realized fay mapping onto basis murumeitta 




25 1,000 

FXVW 25 1.000 3 

Stmt testtnt 25 50 3 

Credit eiposura 20 1,000 32 



75.000 



Table 14: Summery of reduced computation! required tor risk reporting measures with basis mjpping 




and standard OTC positions (94% and 98%, 
respectively). No reductions are achieved for the 
non-standard OTC positions. The net reduction for the 
global portfolio is 87%. The percentage reduction by 
position type is summarized in Table 1.2. 

The number of revaluations required to produce the 



risk measures described above for the global portfolio are 
summarized in Table 1.3. The total number of revaluations 
is reduced from approximately 6.4 billion to 1 billion and 
the processing time required is correspondingly reduced 
to approximately 32 hours. 

The daily processes at the branch and head offices in 



CA 02290888 1999-11-26 



086 



a centralized approach in the MtF framework are illustrated 
in Figure 1.4. Because processing is centralized, back 
office position data and market data are transmitted to 
the head office where it is used to generate the Global 
Portfolio MtF Cube according to the two hierarchies 
illustrated in Figures 1.1 and 1.2. This logical Cube may 
be represented by one or several physical Cubes. 

Prepare Market Data, Process, Validate and Transmit Back 
Office Data: The daily process of preparing market data 
and back office processing and validation of position 
data is unchanged. However, because MtF values are 
additive (if the scenarios and time steps are consistent 
for each instrument, position and portfolio) processing of 
the branch data to generate Portfolio MtF Cubes can 
begin as soon as the position and market data are 
assembled. This is known as pipelining. Pipelining has 
two significant impacts: it reduces the need for massive 
parellelization and it extends the length of the window 
for overnight processing. 

Generate Tokyo Basis MtF Cube: Because the window is 
wider, processing of the Tokyo position data can begin in 
New York at 18:00 EST on day T, after the correction of 
errors and omissions in Tokyo. 

With 50,000 active positions, Tokyo manages 25% of 
the bank's global portfolio; accordingly, processing the 
Tokyo positions consumes 25% of the required 32 hours 

R§ar» U: Daily proeaas in a distributed approach in a MtF framework 



of processing time, or eight hours. To reduce processing 
time further, several MtF engines are run in parallel, each 
processing a sub-set of the basis instruments across the 
relevant scenarios and time steps. 

Generate Portfolio MtF Cube: The Basis MtF Cubes are 
mapped into Product MtF Cubes and finally combined 
into Portfolio MtF Cubes across both the market and 
credit risk hierarchies to support timely what-if analysis 
during the trading day. The validated Tokyo Portfolio MtF 
Cube is transmitted to the Tokyo office at 11:00 local 
time on day T+l. 

Generate Tokyo Risk Reports: Using the risk reporting 
application, the Portfolio MtF Cube is post-processed to 
calculate the risk measures of interest, summarized in 
Table 1.3. As these calculations are trivial— retrieving 
data, vector additions, sorting and determining confidence 
levels— the reports are generated in only 60 minutes. 
Local risk reports according to both the market and credit 
risk limits structures are available at 12:00 on day T+l, 

Validated MtF Cubes created in the overnight process 
described above include validated MtF values for each 
instrument in the Tokyo portfolio, across all scenarios 
and time steps. The MtF system also stores the closing 
market data, from which the mark-to-market values 
for each instrument were calculated. 

Processing of the London position can begin at 03:00 
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EST on day T+l and processing of the New York position 
at 08:00 EST on day T+i. London has local reports at 
12:00 on day T+l, one hour after the London MtF Cube 
is received. The New York local report is available one 
hour after the New York MtF Cube is available, at 14:00 
on day T+l. 

Produce and Distribute Global Risk Reports: The Spadina 
Bank global reports are available one hour after the New 
York MtF Cube is available, at 14:00 EST on day T+l. 

The objectives of the Spadina Bank are more closely 
met by a centralized MtF approach: the full set of reports 
can be produced using fewer computing servers, but not 
by 09:00 local time. Given these shortcomings, the 
Spadina Bank has implemented a distributed process, 
which allows it to process MtF values in both a timely 
and an accurate manner. 



A Distributed 
Approach Within 
the MtF Framework 

Both centralized and distributed approaches can 
be implemented in the MtF framework, however a 
distinct advantage of MtF is that computations can be 
decentralized. In this section, a distributed approach 
to enterprise risk measurement is presented. 

The daily processes at the branch and head offices of 
a distributed approach in the MtF framework are illustrated 
in Figure 1.5. Using this approach, local processing begins 
in a branch office when the market data is available, 
before the positions at the end of the trading day, T, 
are validated. The additivity of MtF values is exploited 
to update the position data and to correct errors and 
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Erren and omissions 07:00 07:00 08:00 08:00 

Tsbte 15: London branch daily process si locil time and Greenwich Mean Tuna 




Erars and ombsions 07:00 12;00 08:00 13 00 

TaMt l* New York branch difly process at local tana and Grwnwkh Mean Tims 



omissions. The processing window is widened sufficiently 
that all of the required risk reporting requirements 
summarized in Table 1.3 are performed and risk reports 
across all reporting hierarchies are delivered by 09:00 
local time on day T+i. 

Daily Processing at a Branch 
Again, the daily processing in the Tokyo, London and 
New York branches is similar; the processes at the Tokyo 
branch illustrate the components of the daily process at 
each site. The majority of the processing occurs at the 
branches in the centralized approach. Therefore, the 
branch daily process is specified more explicitly in the 
discussion of the distributed approach. 

Tokyo Branch Processing. The Tokyo branch daily process 
is summarized in Table 1.4. 

Prepare Market Data and Process Back Office Data: 
The daily processes of preparing market data and of 
processing back office position data are unchanged. 

Generate Tokyo Draft Basis MtF Cube: MtF processing 
begins at 16:00 on the draft portfolio, positions in OTC 
and exchange-traded instruments as of last night. (The 
back office processing of today's positions is not completed 
until 22:00.) The MtF values in the draft Basis MtF Cube 
are computed using today's market data and yesterda/s 
global scenarios. Yesterday's Basis MtF Cube is guaranteed 
to span yesterday's position. On a typical day, the 
characteristics of 5-10% of the OTC positions may 
change (e.g., a new reset rate for a swap or a floating 
rate note); the characteristics of the majority remain 



unchanged. By exploiting the additivrty of MtF values, the 
Spadina Bank is able to start processing six hours before 
the end-of-day position is consolidated at 22:00. Several 
MtF engines are run in parallel, each processing a sub-set 
of the basis instruments across the relevant scenarios and 
time steps. The calculation of the draft Basis Cube is 
easily completed by 22:00 local time. 

Update the Draft Basis MtF Cube at the End-of-Day: 

When the position files from the back office systems are 
available at 22:00, a process is run to 

• identify the delta positions, the changed and new 
positions with respect to the positions of the previous day 

• identify additional basis instruments required to map 
new or changed positions 

• compute the MtF value of the additional basis instruments 

• augment the Basis MtF Cube with these new values. 
Each of these steps is a simple arithmetic operation; by 
23:00 the Tokyo Basis MtF Cube generation is complete. 
This is the only time that the MtF values of these 
Instruments are calculated; no new revaluations are required 
for global reporting or fa multiple reporting hierarchies. 

Generate Tokyo Interim Portfolio MtF Cube: The Basis 
MtF Cubes are mapped into Product MtF Cubes and 
finally combined into Portfolio MtF Cubes across market 
risk and credit risk limit structures. 

Generate Tokyo risk reports: The interim Portfolio MtF 
Cube is post-processed to calculate the risk measures of 
interest, summarized in Table 1.3. The interim reports 
are available at 00:00, one hour after the interim 
Portfolio MtF Cube is available. 
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Correct Errors and Omissions: The daily process of 
validating position data at 07:00 local time is 
unchanged. However, in the distributed MtF framework 
the information from the errors and omissions report is 
used to update the interim Basis MtF Cube in a manner 
similar to the way end-of-day position data is used to 
update the draft Basis MtF Cube. 

The ability to correct transaction errors without 
re-simulating the entire portfolio is a key advantage of 
persistent storage of the MtF Cubes. For example* only 
the MtF values of instruments affected by an exchange 
rate must be recomputed if the exchange rate is corrected. 
The Product and Portfolio MtF Cubes for only the corrected 
and omitted transactions are calculated and stored in the 
MtF database in Tokyo; the MtF Cubes of the erroneous 
positions are reversed. 

Produce and Distribute Risk Reports: The risk reports are 
regenerated. Incrementally regenerating risk reports takes 
minutes rather than the many hours required to re- 
simulate the entire portfolio. Final, validated risk reports 
are delivered to the trading desk and senior management 
by 09:00 on day T+I. 

London Branch Processing. The processing steps in the 
London branch, which are similar to those in Tokyo, begin 
at 16:30 and finish at 23:00. For the most part, the 
London Basis MtF Cube consists of basis instruments 
unique to the London portfolio. However, basis instruments 
for products traded continuously over 24 hours In multiple 
markets, for example the JPY/USD spot rate, are found in 
the Tokyo, the London and the New York Basis MtF Cubes. 
This eliminates the need to transmit Basis MtF Cubes; only 
Portfolio MtF Cubes are transmitted to the head office. 

Interim draft reports are available at 00:00. By 
applying corrections at 07:00, the London risk manager 
produces validated local reports by 09:00 on day T+I. 
The London branch process is summarized in Table 1.5. 

New York Branch Processing. The unvalidated New York 
Portfolio MtF Cube is generated by 00:00. Between 
07:00 and 08:00, trade corrections are applied to the 
New York MtF Cube; the New York risk manager produces 
validated local reports by 09:00 on day T+i. The New 
York branch process is summarized in Table 1.6. 

Upon completion of the daily process in New York, the 
head office of the Spadina Bank has a validated, distributed 



MtF database. Producing global risk .reports is now 
straightforward. 

Many of the features of a distributed MtF approach 
can be incorporated in the centralized MtF approach 
presented in Section 1.3. In fact, the distributed process 
illustrated in Figure 1.5 can be implemented in a 
centralized MtF environment. In a modified centralized 
MtF approach, draft position data is transmitted to the 
head office as soon as the market data is available and 
used to generate a draft Basis MtF Cube. Because the 
bulk of the processing is completed earlier in the overnight 
processing window, the bank can realize improved 
performance with respect to its reporting objectives. 
Subsequently, the branch offices must transmit to the 
head office both the end-of-day updates and the errors 
and omissions; the head office must use these data to 
update the Basis MtF Cube. 

The relative merits of the two MtF approaches depend 
on the benefits associated with centralized versus distributed 
processing and the implications of the nature, quantity 
and frequency of the data transmissions associated with 
either approach. Therefore, the Spadina Bank can 
achieve its objectives by adopting either a decentralized 
process or a more complex, centralized process based 
on the MtF framework. 

Head Office Processing 

The New York head office is responsible for 

• creating and distributing global scenarios 

• generating and distributing global risk reports. 

The head office daily process is summarized in Table 1.7. 

Prepare and Distribute Stress Scenarios: At 19:00 global 
VaR, stress test and sensitivity scenarios for the next day 
are prepared centrally and then distributed to London, 
New York and Tokyo. 

Generate Global Risk Reports: We consider the production 
of global VaR reports in some detail; similar post-processing 
produces the sensitivity, stress-testing, equity risk and 
credit risk reports. 

VaR reports must be prepared across the market risk 
limits structure and the credit risk limits structure illustrated 
in Figures 1.1 and 1.2. The Global Portfolio MtF Cube is 
created by amalgamating the MtF Cubes of Tokyo, London 
and New York. The global VaR calculation is based on 
12,000 MtF values U.000 scenarios In each of the four 
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scenario sets; each scenario has three time steps} for each 
portfolio; the local Basis and Position MtF Cubes are not 
required. The head office post-processor calculates global 
VaR based on the Global Portfolio MtF Cube. 

To compute VaR measures across the credit risk limit 
structure, Tokyo, London and New York compute and 
return the MtF Cubes for each of the counterparty-product 
portfolios at the lowest level of this portfolio hierarchy. 

The daily cycle of local and global reporting and 
generation of new stress scenarios is completed in time 
for the next day's operations in New York. Validated 
global reports are available In London at 14:00 and in 
Tokyo at 23:00 local time on day T+L Moreover, the 
availability of the validated local Portfolio MtF Cube and 
the draft Global Portfolio MtF Cube at the start of trading 
on T+l enables risk managers in the branch and head 
offices to perform marginal deal and what-if analyses. 

An additional benefit arises from the implementation 
of the distributed process. Since draft reports are 
available for each of the branches by 05:00 GMT, the 
London branch can receive an interim Global Portfolio 
MtF Cube and interim global report before the start of 
the trading day in London on T+J. The Tokyo branch can 
receive an interim Global Portfolio MtF Cube and report 
by 14:00 on day T+f. 



Marginal Analysis 

The MtF approach streamlines the overnight process and 
facilitates the implementation of an enterprise risk system 
that feeds marginal pre-deal analysis information both to the 
local and head office decision makers. Recall from Part 2 
that a key feature of MtF is that risk measures are calculated 
in the post-Cube stage. The local and Global Portfolio MtF 
Cubes are a platform upon which to analyze the incremental 
impact of deals considered throughout the day. Therefore, 
only the MtF values of proposed transactions need to be 
calculated. This enables the marginal deal application to be 
used in a near real-time environment. 

The MtF values for a new deal calculated using the 
same scenarios, time steps and regimes used in the 
overnight process are stored in a Position MtF Cube. The 
difference between the VaR of the Global Portfolio MtF 
Cube consolidated with this Position MtF Cube and the 
original global VaR is the marginal VaR (Figure 1.6). The 
same principal can be used to calculate the marginal effect 
of a new trade on other risk measures of interest (e.g., 
counterparty exposure, capital, unrealized profit and loss). 

In this section three simple examples illustrate how 
MtF values are used to compute risk measures in a MtF 
framework. The examples are based upon a marginal VaR 
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application and include 

• evaluation of a request for additional limit capacity 

• pre-deal limit check for VaR 

• marginal deal analysis on counterparty credit exposure. 

Request for Additional Limit Capacity 
The Spadina Bank's market risk committee meets weekly 
to review its market risk exposure, both globally and at 
the desk level, and to evaluate limits requests. Today, the 
New York options desk has requested a 60% increase in 
its VaR limits, from 5 million USD to 8 million USD, in 
response to increased business opportunities. The desk 
head believes that the composition of the business 
will remain more or less unchanged with the increased 
volume. During the meeting, the senior quantitative 
analyst uses the marginal deal application to scale the 
Portfolio MtF Cube of the options desk portfolio until its 
VaR reaches 8 million USD. This corresponds to a 10% 
increase in business volume. He then re-computes the 
VaR of all higher level portfolios. The result is presented 
in Table L.8. 

Based on this analysis, it is apparent that the New 
York options desk is acting as a natural hedge for the 
New York branch and the Global portfolio because the 
New York and global VaR are actually reduced. The 
increase in VaR limits for the New York options desk is 
approved. Limits for New York derivatives, the New York 
branch and the global holdings remain unchanged. 

Pre-Deal Limit Check 

A bond trader in Tokyo is within 20,000 USD of her VaR 
limits. Prior to purchasing a new corporate bond she enters 
the bond into the marginal deal application. The MtF of 
the proposed, new transaction is generated using the same 
scenarios, time steps and regimes used for the overnight 
calculation. The MtF of the bond is then combined with 
the MtF of her book and the VaR at 95% is recalculated. 

The new trade increases the VaR of the portfolio by 
only 10,000 USD. The limit is not exceeded and the 
trade is executed. The entire process takes less than 
a minute to complete. 



Marginal Deal Analysis on 
Counterparty Credit Exposure 

A trader on the interbank desk is responsible for hedging 
the risk from the swaps desk in the interbank market. 
He receives the same quote of LIBOR + 20 bp from two 
large trading counterparties, Richmond and Manor. The 
marginal VaR and the return of each deal are the same. 

Using the marginal deal application the trader enters 
the proposed transaction into the system twice, once with 
Counterparty Richmond and once with Counterparty Manor. 
He then instructs the system to compute the marginal 
credit exposure of each deal. The marginal credit exposure 
of each deal is the difference in counterparty total exposure 
with and without the proposed deal. (Total exposure is 
defined in Part 2, Chapter 7.)The results of this analysis 
are presented in Table 1.9. The netting provisions in this 
new deal actually reduce the counterparty total exposure 
to Manor. Based on this analysis, the transaction is 
executed with Manor. 

In this chapter, the benefits of a distributed process 
built on the MtF framework have been presented. 
Distributing the risk calculation, pipelining and parallelizing 
the process, then aggregating the MtF Cubes enables the 
production and distribution of global risk reports in a 
timely manner. The architecture required to support these 
distributed operations is presented in the next chapter.® 
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AMtF Cube consists of the value of an individual basis 
instrument, product or portfolio of positions, under 
various scenarios and through time. Therefore, each 
element in a MtF Cube is a MtF value for an instrument, 
product or portfolio at a given future time under a given 
scenario. If we obtain two such MtF Cubes, one for 
product A and another for product B, then the MtF Cube 
for a portfolio comprising one unit each of A and B is the 
element-wise sum of the Product MtF Cubes of A and 8. 
The element-wise sum is obtained by adding the MtF 
value for product A under scenario j at time c to the MtF 
value for product 8 under scenario / at time i, as shown 
in Figure 2.1. for each scenario and each time step. This 
is true because the value of a portfolio at a certain point 
in time under a certain scenario is indeed the sum of the 
values of its constituent positions at that same point in 
time and under that same scenario. 



MtF Cube 
for Product A 



MtF Cube 
for Product B 



MtF Cube 
for Portfolio 



Hgm 11: Eftotflnt-wise •ddrtwity of MtF Cubes 

The implications are twofold. First, there Is a performance 
advantage to be gained. The Basis MtF Cube need only be 
computed once, and can subsequently be combined and 
recombined in various ways without performing long 
re-computations to yield different portfolio structures and 
different risk measures. The second implication is that it 
becomes possible to apply a decentralized, distributed 
architecture to the enterprise-wide risk management system. 

The system is distributed because it becomes possible 
to distribute the computations of MtF Cubes throughout 
the enterprise. As long as MtF engines scattered 
throughout the enterprise are provided with a consistent 
set of scenarios, each MtF engine can independently 
compute its MtF Cubes. This high degree of distribution 
yields a scalable solution, one that efficiently shares the 
computing resources spread around an enterprise and 



is simpler to implement, as each distinct business unit 
can configure and operate its own MtF engine. 

The MtF Cubes computed locally can be consolidated 
centrally and the desired enterprise risk measures computed. 
As well, enterprise Portfolio MtF Cubes can be distributed 
to the business units where they can be joined with locally- 
computed Portfolio MtF Cubes to compute marginal 
contributions efficiently and in a decentralized fashion. 

Penny (1999) reviews the architectural considerations 
in a distributed enterprise risk management system that 
exploits the MtF paradigm. This chapter outlines the high- 
level architecture of a MtF implementation, describes key 
components in more detail and summarizes the technology 
benefits of implementing the MtF framework. 

High-Level Architecture 

The practical implications of a distributed MtF process 
are challenging from an architectural standpoint. 
Generally speaking, a distributed system architected 
around the MtF framework consists of the following 
architectural components, summarized below and 
illustrated in Figures 2.2 and 2.3. 

1. An Input data architecture for holding configuration 
information and for collecting and distributing terms 
and conditions data, position data, credit data, raw 
market data and historical time series data. 

2. A curve engine that takes raw market data and 
calibrates the curves used to drive the instrument 
pricing functions. 

3. A scenario engine for producing scenarios from time 
series data and ad hoc sources. 

4. A MtF engine that is fed curves, scenarios, a set 
of basis instruments and a set of time points and 
produces the MtF results. 

5. A distributor component that allocates scenarios and 
basis instruments to MtF engines. 

6. A MtF database capable of holding the results of MtF 
computations, an access layer and an indexing facility 
that points to what is stored where. 

7. A hierarchy server that describes how positions combine 
within the enterprise into portfolios of holdings. 

8. A recursive procedure called a MtF post-processor 
that combines the MtF values according to 
information in the hierarchy server and computes 
various statistics on the future distribution to 
yield enterprise risk measures. 

9. A collection of MtF post-processors organized in 
some functional way and known as a MtF aggregation 
engine aggregates results from the MtF post- 
processors and synchronizes results among MtF 
aggregation engines. 

10. The front-end applications required to configure the 
system and display final results. 
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In a distributed architecture each of these components 
is replicated, meaning that many identical copies of these 
engines run throughout the enterprise, cooperating with 
one another to solve the enterprise problem. 

The high degree of distribution is made possible 
because the problem can be disaggregated along the 
scenario dimension, the instrument dimension, the time 
dimension and the portfolio dimension. Referring to the 
logical view illustrated in Figure 2.2, each MtF engine 
values the subset of basis instruments and scenarios it is 
allocated. The MtF database can support the distribution 
of data across the same instrument and scenario 
dimensions and across the time dimension. The MtF 
post-processor disaggregates the problem along the 
portfolio hierarchy dimension. That is, an individual MtF 
post-processor performs the computations across each 
node in a portfolio hierarchy. This distribution is needed 
to deal with the potentially massive data flow. 

While all of this data must inevitably be loaded and 
accessed, it does not necessarily need to pass over the 
network. Referring to the physical view illustrated in 
Figure 2.3, it is possible to group a MtF engine, a part of 
the MtF database and a MtF post-processor on the same 
physical machine. This grouping allows each physical 
processor to transfer data in parallel with the others. This 
network parallelism is the key to the MtF architecture. 

The remainder of this chapter deals with three 
particularly important components of the architecture: 
the MtF engine for computing MtF Cubes, the MtF 
database for holding these Cubes and the MtF aggregation 
engine for post-processing MtF Cubes to yield useful 
enterprise measures. npmu LopcsiviswofiWirciutBcturt 
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Mark-to-Future Engine 

A vital component of the system is a server capable of 
computing the MtF Cubes and storing them in a database. 
Each engine should have access to the static data 
environment required to perform the computations. This 
includes the detailed terms and conditions of financial 
products, the curves necessary to perform a mark-to- 
market valuation and the scenarios that are used. 

An individual MtF engine fields requests to MtF 
basis instruments under scenarios. The MtF engine loads 
the necessary static data and produces the required MtF 
computations under a pre-configured set of time steps. 
A distributor component divides any problem requiring 
a MtF solution into many such invocations of the MtF 
engine, effectively distributing the computation. 
Distribution leverages one of the key advantages of the 
MtF framework— the fact that the calculations are trivial 
and can be performed in parallel along both the 
instrument and the scenario dimensions. 

All financial choices in a MtF engine should be 
configurable. In particular, it should be possible to alter 
the functionality of the MtF engine using dynamic load 
technology in order to accommodate new financial 
products. For example, of prime importance in the MtF 
engine is the ability to produce an exceptionally accurate 
MtF value in short order, but it is also useful to be able to 
trade that accuracy for improved computation time, either 
through instrument consolidation or through faster, 
though less accurate, pricing approaches. 



Mark-to-Future 
Database 

As described above, a global financial institution must 
store large amounts of MtF data. Only by spreading this 
data across many data storage devices can acceptable 
data flow into and out of the MtF database take place. 
Therefore, the prime driver for the design of a MtF 
database is the need to store large volumes of data and 
to populate and access that data in a distributed fashion. 

Basis MtF Cubes computed by a given MtF engine 
should reside on their own data storage device near that 
of the MtF engine. A distributed indexing system keeps 
track of which Basis MtF Cubes are stored where. An 
access layer on top of the whole database system 
provides a virtual view of any combination of the 
individual databases. Such a system is sometimes 
referred to as a virtual database. 

Mark-to-Future 
Aggregation Engine 

The key objectives of post-processing are to combine 
Basis MtF Cubes into Product and Portfolio MtF Cubes 
and to compute various statistics on them. In the sense 
used here, a portfolio refers to any hierarchical grouping 
of Instrument holdings. For example, a bank can divide 
its total instrument holdings by a static, organizational 
portfolio hierarchy (e.g., trader, desk, location, division 
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and enterprise). Alternatively, the instrument holdings 
can be divided along more dynamic lines, such as by 
instrument type, currency, maturity date and so on. Each 
of these alternative portfolio views can provide insight 
into the distribution of risk among the total holdings. 

In general, at the base of any portfolio hierarchy are 
the leaf portfolios, those that contain positions in financial 
products. Portfolios above the leaf level contain only 
higher level portfolios. In the MtF framework, associated 
with each leaf portfolio is a part of the distributed 
database of Basis MtF Cubes or a reference to the relevant 
part of the distributed database, and associated with that 
is an instance of a MtF post-processor. Intermediate-level 
MtF post-processors receive the Portfolio MtF Cubes for 
the lower level portfolios from the lower level post- 
processors. These intermediate Portfolio MtF Cubes are 
then forwarded to yet higher level MtF post-processors, 
and so on up the chain until they reach a MtF 
aggregation engine. 

Figure 2.4 illustrates the roll-up processing in an 
organizational portfolio hierarchy. The leaf portfolios 
correspond to trader portfolios; associated with each 
trader portfolio is a MtF post-processor and a part of a 
MtF database. Intermediate-level MtF post-processors are 
associated with the desk and location portfolios in the 
intermediate rungs of the hierarchy. A MtF aggregation 
engine is associated with each division. The output of the 
aggregation engines is synchronized to produce MtF 
values for the enterprise. 

The Portfolio MtF Cube associated with a trader 
portfolio is forwarded to the MtF post-processor for the 
appropriate desk portfolio. There it is simply summed with 
the Portfolio MtF Cubes of other traders on that desk 
(Figure 2.5). The Portfolio MtF Cube associated with the 
desk is forwarded to the MtF post-processor for the 
appropriate location, where it is summed with the 
Portfolio MtF Cubes of other desks in that Ixation. 
The Portfolio MtF Cube of each division is constructed 
in the same manner. Finally, the Portfolio MtF Cubes of 
each division are summed by the associated aggregation 
engine and synchronized with one another to produce the 
enterprise Portfolio MtF Cube. 
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Accordingly, only aggregated Portfolio MtF Cubes are 
ever propagated across the network, vastly reducing the 
data transfer requirements needed to solve the 
enterprise problem. 

To minimize network traffic, a clever allocation of basis 
instruments to machines is necessary. In particular, those 
basis instruments referenced from commonly requested 
leaf-level portfolios should be grouped whenever possible. 
This maximizes the chances that only Portfolio MtF Cubes 
must be transmitted. Many potential portfolio structures 
exist, implying different leaf-level portfolio compositions 
for each. This suggests a time/space trade-off. To minimize 
network traffic and hence maximize performance, it is 
desirable to replicate the Basis MtF Cubes for a given 
instrument across more than one MtF database. In this 
way, a given MtF database is more likely to contain all 
the data required to assemble a leaf-level portfolio. 

Each MtF aggregation engine can field a request for 
any portfolio. If the data to satisfy that request is not 
available locally, the aggregation engine forwards the 
request to another aggregation engine that has the 
relevant data. This works top-down, as described previously, 
but can also work bottom-up in the sense that a local 
MtF aggregation engine can be asked to combine the MtF 
Cube of a newly proposed what-ifties\ with the Portfolio 
MtF Cubes of higher level portfolios. This yields the all 
important marginal analysis numbers capable of driving 
efficient capital allocation within a financial institution. 
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Benefits of a Distributed 
Mark-to-Future System 

The benefits of a distributed MtF architecture are 
summarized below. 

Parallelize and pipeline processing. Since MtF values are 
additive by scenario or by instrument, different portions 
of the global portfolio can be processed as soon as the 
instrument, curve and scenario data for those portfolios 
are available. This is known as pipelining. Because MtF 
values are additive, different subsets of the portfolio and 
scenarios can be computed in parallel. This is known as 
parallel processing. Together, they reduce the total time 
required for processing. In some cases, it may be efficient 
to duplicate basis instruments in different Basis MtF 
Cubes; for example, a JPY/USD spot instrument that is 
traded in more than one location in a 24-hour cycle (as 
described in Chapter 1). In other cases, it may be prudent 
to distribute the calculations. In the limit, each value in 
a MtF Cube can be computed on a different machine. In 
practice, the degree of duplication versus distribution is 
chosen to optimize system performance and to satisfy 
local and global risk reporting requirements. 

Fast error correction. Incorrectly entered or missing 
positions are inevitable; these errors need not invalidate 
the entire day's risk results. The Basis MtF Cubes 
computed from incorrectly entered positions can be 
updated with the Basis MtF Cubes of the correct 
positions since regenerating risk measures is a simple 
matter of post-processing the MtF result. 

Integrated systems architecture for market, liquidity and 
credit risk. The MtF methodology and the MtF architecture 
that supports market, liquidity and credit risk measurement 
and management is based on common system components. 
The same MtF engines, scenario engines and aggregation 
engines are used for market, liquidity and credit risk, 
The required risk measures are obtained through proper 
choices of scenarios, portfolio evolution and post- 
processing of the MtF result.® 
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About HypoVereinsbank 

Formed in September 1998 by the merger of two 
Bavarian banks— Bayerische Hypotheken und Wechseln 
Bank and Bayerische Vereinsbank— HypoVereinsbank 
has 40,000 employees. With roughly 450 to 500 billion 
Euro in assets, it is one of the top five European banks. 
HypoVereinsbank is one of the largest real estate finance 
companies in the world and also has a substantial focus 
on corporate banking, asset management, retail and 
selected investment banking activities. 

HypoVereinsbank distinguishes itself from other 
large, global European banks by deploying its core 
competencies— real estate financing and corporate 
banking— in selected regions worldwide. The bank's 
trading business, while not the center of the bank's 
activities, is still a sizeable component, contributing 
roughly one quarter of the bank's pre-tax profits. 

The bank believes that to inspire client confidence 
and appease regulators, sophisticated risk management 
technologies are required. HypoVereinsbank's goal is to 
build a measurement system that enables it to achieve 
group-wide consistency of methodology and transparency 
of results, as well as functional integration of various 
classes of risk and P&L In addition, it wants to be able 
to use a number of different risk measurement methods 
including both historical and Monte Carlo simulations 
and to decompose risk at different levels in the portfolio. 
Finally, selected information and analytics must be 
delivered in a timely fashion to those who can act upon 
the information. 

To meet these objectives, HypoVereinsbank has 
implemented a risk management system based on the 
MtF framework using RiskWatch (Algorithmics 1999b) 
as the MtF engine. To date, the bank has completed the 
mapping into RiskWatch of all interest rate products in 
its trading center in Munich and plans to map products 
in its other major trading centers (in London. New York 
and Singapore) in stages, within the year. The current 
status should be viewed as a first step in a progressive 
implementation of the MtF framework. 



Six Steps in 
Marking-to-Future 
at HypoVereinsbank 

The risk management process in HypoVereinsbank 
is based on the six steps of the MtF methodology 
described in Part 2: 

1. Define the basis instruments. 

2. Define the scenarios and time steps. 

3. Simulate the instruments to generate a Basis MtF Cube. 

4. Map the financial products onto the Basis MtF Cube. 

5. Map the portfolio regimes onto the Product MtF Cube. 

6. Post-process to produce risk and reward measures. 
This section describes how HypoVereinsbank adopted 
the six steps in the MtF methodology to implement an 
inclusive and unified framework to measure the interest 
rate market risk of approximately 100,000 positions in its 
trading book daily. Instruments include exchange-traded 
and over-the-counter (OTC) interest rate derivatives and 
their underlying instruments. Cash flows from the banking 
book are included to calculate enterprise-wide interest 
rate risk and for asset and liability management. 

Because this is the initial phase of a full-scale MtF 
implementation and because of the short-term horizon 
and the predominance of OTC positions in the book, the 
steps outlined in Part 2 are amended and abbreviated to 
suit the implementation at HypoVereinsbank. In future 
stages, the MtF implementation will be extended to 
include both market and credit risk management at all 
of the major trading centres. Longer time horizons, 
multiple time steps and dynamic portfolio strategies will 
be included to account for credit risk. At that stage the 
performance improvements that can be realized by using 
basts instrument mapping will be significant. 

Step 1: Define the Basts Instruments 
The bank uses information at the product level, rather 
than at the instrument level, because the majority of its 
positions are OTC. Therefore, the mapping of instruments 
to products is one-to-one. Position data are obtained from 
the bank's Treasury Database, an internally developed 
solution that houses worldwide position data. 

Step 2: Define the Scenarios and Time Steps 
The current implementation at HypoVereinsbank 
focuses on market risk for its trading businesses. 
As such, a relatively short time horizon is appropriate. 
HypoVereinsbank measures risk over both a one-day 
and a 10-day time horizon, using a single lime step in 
each case. This satisfies both internal risk management 
and regulatory requirements. 
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The use of a 10-day holding period provides the bank 
with a suitable measure for risk for most of its liquid, 
tradable instruments. Measures based on this horizon are 
often used to measure and allocate economic capital, to 
manage market risk limits and for portfolio management 
on the trading desks. It also allows the bank to meet 
Bank for International Settlement (BIS) regulatory 
requirements (BIS 1996). The bank uses a one-day 
holding period for backtesting purposes. 

In MtF, risk depends on possible future events 
described by scenarios. Scenarios can be based on 
history or subjective estimates or derived from models. 
Atypical events captured by stress scenarios include the 
breakdown of normal correlations, discontinuous price 
moves and atypical market shocks. One of the more 
significant implications of the MtF framework is the 
ability to make explicit scenario choices, in particular 
with respect to stress testing, and to combine stress 
scenarios in a consistent manner with scenarios 
describing typical markets. 

HypoVereinsbank uses a number of different scenario 
generation techniques to describe future events. Monte 
Carlo scenarios based on historical data are used to 
provide forecasts for typical events. Stress test scenarios 
generated by individual risk managers are used to provide 
subjective estimates of the future and to account for 
atypical events. 

Monte Carlo Scenarios: HypoVereinsbank generates 
approximately 4,000 single-step Monte Carlo scenarios 
in RiskWatch using a variance-covariance (VCV) matrix 
in RiskMetrics format (Longerstaey and Zangari 1996) 
obtained from Olsen & Associates. The VCV matrix is 
created using 250 days of historical data and 550 risk 
factors including interest rates, FX rates and implied 
volatilities for G12 countries and emerging markets. 
This method of scenario generation is based on explicit 
assumptions (e.g., one time step, no mean reversion and 
a joint-normal distribution of factor log returns). 

Monte Carlo scenarios provide HypoVereinsbank with 
a view of the future, using typical circumstances from 
the past as a guide. These scenarios account for past 
events that are not based solely on historical observations. 
This allows the bank to overcome many of the data issues 
commonly associated with the use of historical simulation. 
The bank chooses to use 4,000 scenarios because this 
number provides a good balance between performance 
and accuracy— the number is sufficiently large to allow 
for a high degree of confidence in risk measurement 
without adversely affecting the timeliness of risk reports. 



Stress Test Scenarios: The use of Monte Carlo scenarios 
allows the bank to measure risk under normal or typical 
circumstances; however, it does not account for the extreme 
market moves or atypical events which have occurred 
since the beginning of organized markets. Effective risk 
management must minimize surprises, and hence must 
cover atypical events. These events include the breakdown 
of normal correlations, discontinuous price moves, sudden 
decreases in liquidity and atypical market shocks. 

To account for these situations, HypoVereinsbank 
has implemented daily stress testing procedures to meet 
the needs of the enterprise risk management group. 
Individual risk managers create their own scenarios, 
based on their subjective views of the future. These stress 
tests may include shocks to individual risk factors or 
node points, shocks to driver curves or spread curves 
and shocks to FX rates and volatilities. 

The stress testing procedure ensures that the bank 
accounts for atypical events through subjective views of 
the future and, as such, minimizes surprises in earnings. 
User-defined scenarios are an essential ingredient in 
effective risk management because they allow the bank 
to accommodate an array of opinions about the future. 
It is relatively easy for risk managers to assess the 
reasonabitity of these scenarios because they can be 
viewed graphically. Scenarios are descriptive and 
therefore easy for non-technical managers to define 
and understand. 

Step 3: Simulate the Instruments 
to Generate a Basis MtF Cube 
HypoVereinsbank calculates the mark-to-market value 
of its holdings in RiskWatch using closing prices, zero 
curves and volatilities obtained from its trading systems 
nightly. Static data and terms and conditions data are 
obtained from yet another database (Gips). All input 
data is fed into the bank's input database (Input OB) and 
then subsequently mapped into RiskWatch, where it is 
marked-to-market using both Algorithmic** and custom- 
developed, proprietary pricing models. 

The MtF value of each position at the horizon, under 
each scenario in both the Monte Carlo and stress test 
scenario sets is computed, accounting for the events that 
occur between the horizons and their Impact on P&L 

Step 4: Map the Financial Products 

Onto the Basts MtF Cube 

Given that the majority of the positions are OTC, the 

mapping of instruments to products is one-to-one. 

Therefore, additional mapping to products is not required. 
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Step 5: Map the Portfolio Regimes 
Onto the Product MtF Cube 
Given Hypovereinsbank's fairly short time horizon for 
market risk, it is not necessary to consider changes to the 
composition of the portfolios. The position MtF values by 
scenario are exported to the Output Database. Database 
stored procedures aggregate the position level results 
along portfolio lines. 

Step 6: Post-Process to Produce Risk and 
Reward Measures 

Once the steps above have been completed, the 
information needed to compute true forward profit 
and loss is available. These P&L values (the MtF value 
less the mark-to-market value) are used to compute 
VaR(99%), VaR contribution and maximum loss 
among other portfolio statistics. 

HypoVereinsbank's high-level process is shown 
in Figure 3.1. 

The sections that follow describe the high-level 
architecture deployed at HypoVerelnsbank and 
provide details of the construction of the bank's 
MtF Cube. 



HypoVereinsbank 
Architecture 

The MtF framework has significant technological 
implications. Using this framework, financial institutions 
can decentralize risk calculations and realize performance 
gains, which result In vast improvements in total 
computing time. HypoVereinsbank has implemented the 
MtF framework using the architectural components shown 
in Figure 3.2 and summarized in Table 3.1. 

Building the 
Portfolio MtF Cube 

This section describes how HypoVereinsbank computes 
one-period MtF values for each position under each 
scenario and time horizon. It explains how the bank 
builds its Portfolio MtF Cube and demonstrates the 
benefits realized as a result of this approach. 

HypoVereinsbank takes advantage ol the additivity 
of MtF values by building the Portfolio MtF Cube in 
stages. Because MtF values are additive, the bank 
creates the MtF values for the components of a portfolio 
separately and then adds them together at a later stage 
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Batch Processing 



Corrections Processing 



Rgon in HypoVereinsbank's high-level architecture 




2. CufwEftfljtiw 
4. MtFEnftm 



6. MtF Database 

8. MIF Post-Processor 

9. Frant-Cod G^n» : 



■ Trading systems (Intas end Kondor+) provide curve data. 

■ MtF valuation in RiskYVatch is performed on a Sun Microsystems E 10,000, running 8 Rl&kWatcft sessions on 
4 CPU Bach, with 4 GB per session. 

The Output DB is a 2 GB Oracle database on the £10,000. 
Portfolio hi«^J* rnatntit^ ^^Mtt^^ 
lightweight applications/GUIs built in Visual Basic include interactive and batch reporting toots, which can i 
VaR at different levels and provide a VaR contribution for each instrument and/or portfolio. 
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Rejected Transactions. Missing Transactions, 

figwi 13: Generation of HypoVeratebantt MtF Cuba Late Transactions. Simulated Transactions 



to obtain portfolio risk measures. This results in 
improvements in both performance and accuracy. 

First, the bank creates MtF values for its draft 
positions, closing positions from the previous day. 
This begins as soon as closing market data is available. 
Then, once the end-of-day positions have been processed, 
it creates MtF values for the changes in position. In 
the morning, after a review of the risk results and error 
reports, MtF values are obtained for any required 
corrections. Since only a small number of computations 
are required for error correction, this process Is 
accomplished very quickly. Additivity allows the bank to 
begin its processing before final positions are available 
and to make corrections to MtF values without re- 
computing the entire portfolio. As a result, the bank 
obtains accurate risk measures in a timely manner. 

Marking the Portfolio to Market 
As soon as closing market data and curves are available 
from the trading systems, HypoVereinsbank begins the 
MtF process. To mark the portfolio to market, draft 
positions are fed from the bank's global position database 
(Treasury DB) into the risk management group's input 
database (Input DB). These are both in-house-developed 
databases. The positions are then mapped from the Input 
OB into RiskWatch. Current closing market prices, curves 
and volatilities are obtained from the bank's trading 
systems (Intas and Kondor+) and stored in a market data 
database. The market data is then fed into RiskWatch 
from the Input DB and used to mark the draft positions 
to market in RiskWatch using both Algorithmics models 
and proprietary pricing models developed using Risk++ 
(Algorithmics 1999a). Mark-to-market values are stored 
as the nominal scenario values in HypoVereinsbank's 
in-house-developed database. Output DB, which 
corresponds to the MtF database described in Chapter 2. 

Creating the MtF Cube for the Draft Positions 
HypoVereinsbank creates its Basis MtF Cubes for the 



draft positions using eight multiple, parallel sessions of 
RiskWatch. RiskWatch sessions are arranged by portfolio 
and by the number of positions in each portfolio, resulting 
in an even distribution of computations across RiskWatch 
sessions. The variance-covariance matrix obtained from 
Olsen is mapped into each RiskWatch session through the 
Input DB, as are the draft positions that have been 
allocated to each particular session. Each RiskWatch 
session uses the same VCV matrix and Monte Carlo seed 
to generate the same 4,000 single-step Monte Carlo 
scenarios for a 10-day time horizon. Then, each 
RiskWatch session values each draft position in that 
session, under each scenario. These MtF values are 
written to the Output DB and are stored in a series of 
arrays by position, scenario and time horizon (Figure 3.3) 
to form the Position MtF Cube. The process is repeated 
for the one-day time horizon. The entire process spans 
approximately two to three hours. 

Adding the New Positions to the Inventory 

Once the current day's positions are available from the 
trading systems, the changes In position from the previous 
day. the delta positions, are found by comparing yesterday's 
positions to today's positions. The same process as 
described previously is used to mark the delta positions 
to market and to future, using the same scenarios. 
This new MtF Cube is used to update the Position MtF 
Cube for the original inventory of positions in the Output 
DB and is later used to obtain the required portfolio 
risk measures. 

Correction of Errors and Omissions 
After this overnight process has been completed, 
HypoVereinsbank completes its rigorous error checking 
and control procedures. Automated error messages 
produced during the night indicate any system failures 
and any missing market or position data. Risk managers 
review these error reports as well as the preliminary risk 
measures to ensure that results are reasonable. If any 
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figora 3.4: HypoVereinsbanlt'i higrVlevsf risk management procan 



errors are found or if risk measures look unreasonable, 
risk managers are able to make corrections to the input 
data. For example, if an error is found in a position size, 
only the MtF values for that position are re-computed. If 
the OEM/USD FX spot rate is incorrect, only the MtF 
values for positions affected by the DEM/USD FX spot 
rate are re-computed. After the corrections have been 
made and verified, an application is used to re-compute 
MtF values only for the positions that have been affected. 
These MtF values are generated using the same scenarios 
and procedures described above. The overnight process is 
summarized in Figure 3.4. 

A Universe of 
Risk Measures 

MtF values are the essential ingredient in all risk 
measures. Once these values have been obtained, 
the relevant measures of risk may vary and are context 
dependent. With MtF il is now possible to move away 
from the traditional paradigm where a complex and 
monolithic application must be all things to all people. 
Instead, lightweight applications with low development 
overhead can be created to meet the needs of individuals 
and business units within a financial institution. 

HypoVereinsbank has taken advantage of this 
flexibility. Several applications built in-house enable 
risk managers to explore the input data and the results 
of the MtF calculations. 

Once the MtF values have been stored in the Output 
DB, the bank uses an Oracle application developed in- 
house to calculate a number of risk measures including 
the P&L for each position under each scenario and time 



horizon. The application uses these P&L values to 
compute various portfolio statistics such as VaR<99%), 
VaR contribution, maximum loss, etc., at each level 
within the portfolio, from the highest level all the way 
down to the position level. The Risk Viewer application 
shown in Figure 3.5 can be used interactively to 
aggregate risk by portfolio, by currency, by instrument 
type, etc. at all levels in the portfolio hierarchy. 




figure IS Risk Viewer 



At each level within the portfolio hierarchy, the user can 
view the mark-to-market, the net present value (NPV) or 
MtF value under each scenario and the P&L under each 
scenario using the NPV and P&L Viewer application 
depicted in Figure 3.6. 
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Roore 1£ NPVsnd P&L Viewer 

Another significant advantage of the Mark-to-Future 
framework is that risk managers can identify and examine 
the particular scenario that produces a given risk result. 
Using the Stress Test Viewer application shown in Figure 

3.7, HypoVereinsbank risk managers can look at various 
risk measures such as the VaR(99%) or worst-case P&L 
If they want to find out more about the global VaR 
scenario, for example, they click on an icon that takes 
them to the Scenario Viewer application shown in Figure 

3.8. There they find a verbal description and a graphical 
representation of that scenario. This allows them to 
assess whether the scenario is reasonable, which is 
another benefit of de-coupling the scenario selection 
from the choice of risk measures. 




Rflnrt 17: Stress fen Viawir 



Rgm It Scenario Viewer 

Benchmarking 
the Mark-to-Future 
Implementation 

As shown in Figure 3.9, HypoVereinsbank takes 
advantage of the additivity of a MtF approach to enhance 
performance in two ways. First, It can reduce elapsed 
time to compute risk measures by running multiple sessions 
of Risk Watch in parallel. Second, it can begin its overnight 
process before end-of-day positions are available. Setting 
aside the memory issue for the moment, the processing 
time required to run a single session would be prohibitive. 
If all goes well, it may take 10 hours: two hours of 
input/output (I/O) and eight hours of computation. Given 
that end-of-day positions are not available until 04:00. 
preliminary risk results are not available until the end of 
the next trading day (around 15:00). If corrections are 
required, final risk results can not be available until 
02:00 the next morning. Without the MtF framework, 
the bank would need to completely rerun its overnight 
process to obtain the required risk measures— effectively 
doubling the processing time. This constraint puts daily 
risk measures at risk. 

Given the size of HypoVereinsbank's portfolio 
(100,000 positions), the number of scenarios (4,000) 
and the number of risk factors (550), approximately 4.7 
GB of memory are required for the positions and results 
alone, not including the memory required for the scenarios 
themselves. As such, given current technological limitations, 
running the computation in a single session is not feasible. 




MC wmtation BacKtestii 
1 & pricing of 
corrected Stress testing 
transactions 
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Table 2.2 summarizes the details of a comparison 
between two implementations, one a traditional, 
centralized approach outside the MtF framework and 
the other a centralized approach in the MtF framework. 




Total Elapsed Compute 

Tim* (But) mare than 10 hours 2-3 hours 

Final Risk Rtsufts Available 02:00 the next day 09:00 
TtMe Ut Performance comparison of traditional end MtF anpterrnrrtitioni 

Benefits of a 

Mark-to-Future 

System 

As one of the first to implement the MtF paradigm, 
HypoVereinsbank has positioned itself well with respect to 
its industry counterparts in the field of risk measurement 
and management. Because MtF values can be computed 
once then used many times there is no need to re-compute 
MtF values in order to 

• aggregate risk measures at different levels in a 
portfolio hierarchy and along multiple attributes 

• compute statistics on the portfolio 

• perform quick marginal VaR or what-if analyses. 
This leads to 

- improved performance in terms of elapsed time 

• timely and actionable risk information 

• effective limits management along multiple 
hierarchies and measures. 

Special features of the HypoVereinsbank implementation 
enable risk managers to 

• identify and view scenarios which cause selective 
risk results 

• add user-defined scenarios easily. 



Using the MtF framework, HypoVereinsbank has 
implemented a risk measurement system that enables 
it to achieve group-wide consistency of methodology and 
transparency of results as well as functional integration of 
various risk classes and P&L The bank can use a number 
of different methods to measure risk and decompose risk 
at different levels in the portfolio. The necessary risk 
information Is delivered in timely manner to those who 
must act upon the information. 

Moving Forward 

For HypoVereinsbank. the ultimate goal is to have the 
RiskWatch system linked to all of its investment banking 
products in its four major trading centers. The bank plans 
to have full functionality by the end of 2000 or early 
2001; however, integration will be an ongoing process 
as new products and technology enhancements are 
developed. In the short term, the bank plans to 
extend its MtF implementation to include counterparty 
credit risk measurement and management. Further 
refinements to the MtF implementation are also 
under consideration. 

As the bank proceeds with rts credit risk implementation, 
it intends to adopt a longer time horizon and multiple time 
steps. It has already begun to investigate the appropriate 
time horizon and number and length of time steps for the 
credit risk measurement of its global portfolio. With longer 
time horizons, HypoVereinsbank must consider rebalancing 
using dynamic portfolio strategies and accounting for all 
events and their funding consequences. Using basis 
instrument mapping the bank can realize significant 
improvements in performance and storage. 

HypoVereinsbank plans to move forward with its 
implementation of Algorithmics' MtF approach. From 
the bank's perspective, the MtF framework leapfrogs 
today's paradigm of risk capital as a static function 
of Vatue-at-Risk.® 
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We report a study of the estimation of credit exposure and credit loss of a portfolio of derivative transactions. The estimation 
is performed using a Monte Carlo simulation. The results are compared to the exposure and capital reserves obtained under 
the method recommended by the Bank tor International Settlements (BIS). We show that the simulation method provides a 
much richer set of information for credit risk managers. Also, depending on the current exposure and the nature of the 
transactions, the BIS method can fait to account for potential exposure. In addition, depending on the level or prudence 
one requires in setting capital reserves, the BIS reserves can be either excessive or grossly insufficient. 
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The dramatic increase in over-the-counter derivative 
trading during the past ten years has made credit risk 
a major concern for banks. With increased competition 
and tighter spreads, banks must accurately quantify the 
credit risk they are facing so that they can appropriately 
price their products, set the proper level of capital 
reserves and manage their credit line efficiently. 
Currently, different banks employ different credit risk 
measurement techniques, ranging from applying a fixed 
percentage to the notionals of the transactions, to creating 
distributions of future credit exposure and credit toss. 

This paper focuses on estimating counterparty credit 
risk for derivative portfolios. We accomplish three 
objectives: introduce the Monte Carlo Simulation method 
used to measure counterparty credit risk; highlight several 
significant aspects of counterparty exposure and loss 
profiles that result from Monte Carlo simulation using 
an example; and contrast these results to the Credit 
Equivalent Amounts and capital adequacy requirements 
stipulated by the Basle Accord (BIS 1988). 

In the first section we define several credit risk terms 
used throughout this paper. Next, we outline the BIS and 
Monte Carlo-based methods used to estimate counterparty 
credit exposures and losses. We then compare the two 
methods, underscoring the limitations of the factor-based 
approach to measure capital and manage portfolios. 
The results are outlined followed by the conclusions we 
draw from using these two approaches. 

Credit Risk Definitions 

In this paper, we define credit risk as the risk of loss that 
will be incurred in the event of default by a counterparty. 1 
Default occurs if the counterparty fails to honour its 
contractual payments. 

Calculating potential credit losses requires the 
modeling of three processes that define: (i) the 
counterparty credit exposure at the time of default; 
(ii) the probability that default will occur; and (iii) the 
amount that can be recovered after default occurs. 

There are two types of credit risk: pre-settlement risk 
and settlement risk. Pre-settlement risk refers to losses 
arising from prematurely terminating a contract due to 
counterparty default. This loss depends on the 
replacement value of the contract at the time of default. 
In contrast, settlement risk refers to the losses realized 
when the contractual payments are not received on 
the settlement date. In this paper, we consider only 
pre-settlement risk. 

Credit Exposure 

Credit exposure is the cost of replacing or hedging the 
contract at the time of default. This is the maximum 
value that will be lost if the counterparty to that contract 



defaults. Since default is an uncertain event that can 
occur at any time during the life of the contract, we 
consider not only the contract's current credit exposure, 
but also potential changes in the exposure during the 
contract's life. This is particularly important for derivative 
contracts whose values can change substantially over 
time and according to the state of the market. For this 
reason, we introduce three measures of credit exposure: 
Actual Exposure, Total Exposure and Potential Exposure. 

We define the Actual Exposure of contract c at time t 
as the maximum of zero and the value of the contract 
at that time: 

HI AEici) = max\0, V(cr)} 

where V(c, t) is the value of contract c at time t. As 
defined, AE(c, t) is the maximum amount that will be lost 
if default occurs and if the contract is replaced at time t. 
If t is the current time, the Actual Exposure then depends 
on the current marked-to-market value of the transaction. 
If t is a future point in time, then AE(c, t) is defined with 
respect to an assumed state of the market at time t. 

The Potential Exposure of the contract at time t is the 
maximum additional amount (over the Actual Exposure) 
that wilt be lost if default occurs not at time t, but at 
some time t, between t and the maturity of the contract. T: 

W PE{C I) - max{0. max f < t ^{PV^VU; t))-V<c. f))} 

where PV, (*1 is a function that transforms future values 
to their present values at time t. A market scenario is the 
path that the market takes during the period from t to T. 
The Potential Exposure must be defined with respect to 
an assumed market scenario. This is because the value 
of the contract at any point in time during that period 
depends on the values that the underlying market risk 
factors take. As such, the Potential Exposure takes into 
account the aging of the portfolio and possible adverse 
movements in the underlying variables under that 
market scenario. 1 

The Total Exposure of the contract at time t is the 
sum of the Actual Exposure and the Potential Exposure 
at that time: 

HI TE{c, f) » AE{c. 0 + PE(c, t) 

Therefore, it is the maximum value that will be lost on 
the contract if the counterparty defaults at any point from 
time ( to the end of the contract's life, under an assumed 
market scenario. 

As an example, consider a pay-fix/receive-float 
interest-rate swap whose current marked-to-market value 
is negative. In this case, the contract's current Actual 
Exposure is zero. However, if interest rates rise in the 
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future, the contract can have a positive value. Although 
the contract has no current credit exposure, it carries 
potential additional exposure that presents credit risk 
to the holder. The Total Exposure captures this future 
positive value. 

At the counterparty level, credit exposure depends on 
the netting arrangement and other credit mitigation 
provisions. For example, if full netting is allowed, 
contracts with positive values can be offset by contracts 
with negative values to reduce the net exposure. In this 
case, the Actual Exposure to counterparty P at time t is 
the maximum of zero and the sum of the values of all 
contracts with that counterparty: 

14} AEiPx) = maxjo, £ V(cA = max[Q V(P,t)| 

I rcP J 

The Potential Exposure to a counterparty under an 
assumed market scenario is the maximum additional 
exposure at some future time. It can be obtained by 
substituting the portfolio's value. VfP.e), for the contract's 
value. Wc.r), in Equation 2. The Total Exposure is the 
sum of the counterparty's Actual Exposure and its 
Potential Exposure. 

On the other hand, if netting is not allowed, the 
Actual Exposure to a counterparty is simply the sum 
of the values of all positive-valued contracts with that 
counterparty. In other words, it is the sum of each 
contract's Actual Exposure: 

O) AE(P.i) = £Tnojc<0,V<cO} = £AE(c,t) 
cmP ceP 

The Potential Exposure in this case Is conservatively 
defined as the sum of each contract's Potential Exposure 
at that time: 

m PE(P.t) = £ PE(c.i) 

i-c p 

Note from Equation 2 that the Potential Exposure of a 
contract depends on the maximum value the contract 
will take during its life, and that different contracts may 
reach their maximum values at different points in time. 
Therefore, by defining the Potential Exposure to the 
counterparty in this manner, we allow for the conservative 
possibility that in the absence of a netting agreement, the 
counterparty may cherry-pick the timing of default of 
each contract. 

Finally, from Equations 3, 5 and 6, the Total Exposure 
to the counterparty in the absence of a netting agreement 
is simply the sum of each contract's Total Exposure: 

m TE(P.i) = £ AE(c.O+ £ PE(c.i) = £ TEici) 

c«P ceP f «P 



Credit Losses 

While credit exposure is the maximum amount that will 
be lost if the counterparty defaults, the credit losses take 
into account the amount that can be recovered after the 
default occurs. That is, credit loss on contract c, if 
default occurs at time x under some assumed market 
scenario is: 

L(c,t) b AE(c,T)x[j-K(c.t)] 

where the recovery rate, R(c,t), is the percentage of the 
value that wilt be recovered on the contract if default 
occurs at time r Usually, H(c,x) depends on the seniority 
of the contract. Rfctl can also depend on the state of 
the market when default occurs. 

If netting is allowed, counterparty credit losses are a 
function of Actual Exposure, which In turn depends on 
the netting provisions stipulated in the master agreement. 
The credit loss on a counterparty portfolio if default 
occurs at time t is: 

« L(P.t) - AE(P.t) x [ I - R(P,t)] 

When netting is allowed, a single recovery rate is applied 
to all transactions. This is because it is reasonable to 
assume that the contracts for which netting is allowed 
have the same seniority class. 

If, an the other hand, netting is not allowed, credit 
losses from a counterparty portfolio (if default occurs at 
time t ) are conservatively defined as a function of the 
portfolio's Total Exposure: 

m UP.t) = £ Uct) = J TE(C,T)[I -R(c.t)J 
c«P cep 

The Total Exposure is used because, in the absence of 
a netting agreement, the institution cannot offset the 
exposure immediately after default occurs on the first 
contract. Equation 9 allows for the possibility that the 
counterparty may choose to default on the contracts 
when each of them reaches its maximum exposure. In 
this case, it is possible to have contracts with different 
recovery rates. 

In practice, master agreements can be quite complex. 
For example, each counterparty may hold several different 
master agreements that permit netting across certain 
instruments, but not others. In addition, netting may not 
be applicable in certain jurisdictions at the time of 
default. An accurate estimation of counterparty exposures 
requires that netting agreements be accurately modeled 
in a flexible netting hierarchy. Furthermore, given the 
strong dependence of exposures to the netting provisions, 
stress testing these provisions is very important. 
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Netting is perhaps the most popular mitigation technique. 
Other mitigation techniques include the posting of 
collateral, marked-to-market caps, re-couponing and 
early termination clauses (Wakeman 1997). Accurate 
exposure calculations require a thorough modeling of 
these provisions. 

Credit Risk 

Measurement 

Methodologies 

Current credit risk measurement methodologies differ 
from one another in their assumptions of (i) credit 
exposure, (ii) default probability, and (iii) recovery rate. 
A simple methodology may assume that the contract's 
credit exposure is equal to its notional. Potential 
loss is then estimated by applying a fixed percentage 
to the notional, where, presumably, this percentage 
encompasses both the default possibility and the 
recovery rate. A more sophisticated methodology 1 
creates distributions of future exposures, default 
rates and recoveries before calculating the losses 
through simulation. 

In this section, we introduce two methodologies. The 
first is the method put forth by the Bank for International 
Settlements. It is currently the only method financial 
institutions are allowed to use to calculate their capital 
reserves. The second method is a simulation-based 
method in which Monte Carlo simulations are employed 
to create profiles of exposures and losses. 

The BIS Methodology 

Concerns about credit risk have prompted the Bank for 
International Settlements to introduce capital adequacy 
requirements for financial institutions that deal in 
derivative securities. This requirement, commonly referred 
to as the Basle Accord (BIS 1988), specifies the method 
that banks must use to calculate credit exposure and is 
intended to establish a minimum level of capital reserves. 
Though the methodology prescribed by the BIS follows 
the framework described in the previous section, some 
characteristics of the methodology are noteworthy. 



First, the Actual Exposure, and thus the Potential and 
the Total Exposure, are defined only at the current time, 
t=0. At the contract level, the Total Exposure of a 
derivative position, known as the Credit Equivalent 
Amount (CEA), consists of two parts, the Actual 
Exposure and the Potential Exposure. The Actual 
Exposure is defined according to Equation 1. The 
Potential Exposure, on the other hand, is calculated 
by multiplying the notional of the transaction, N, by 
a pre-defined credit conversion factor, CF: 

HD PE = CFxN 

This factor depends on the broadly classified types of the 
securities underlying the derivative contracts and the 
time to maturity of the contracts. Table 1 summarizes the 
factor by the maturity date and the type of underlying. 

The credit conversion factor is intended to account for 
the possibility that future exposures may exceed current 
exposures. The Potential Exposure, calculated according 
to Equation 10, is known as the 'static add-on for 
Potential (Future) Exposure' because it is a fixed amount 
of the notional, independent of passing time, that is 
added to the Actual Exposure. Thus, the CEA: 

(ill CEA = AE(c, 0) + PE(c t 0) 

is defined only at the current time. 

If netting is allowed, the CEA is equal to the sum of 
the netted Actual Exposure (Equation 4) and the sum of 
each transaction's Potential Exposure (Equation 10) 
adjusted by a netting factor, NF: 

n« CEA = AE(P. 0) + NF x PE<P, 0) 



The netting factor, NF, is defined as: 

NF tx (0,4 + 0.6*NGR) 

where the Net-to-Gross Ratio. NGR. is the ratio of the 
Actual Exposure with netting (Equation 4) to the Actual 
Exposure without netting (Equation 5). Note that if 
netting is not permitted, NGR=1, NF=i and the CEA for 
the portfolio is the sum of each transaction's CEA. 
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The Capital Reserves, CR, are then calculated by 
multiplying the CEA first by a risk-weight factor, RF, 
which depends on the type of the counterparty to the 
contract, and then multiplying by an 8% capital-to- 
exposure ratio: 

(iw CR = RFx CEA x 0.08 

The BIS guideline for the values of the risk-weight factors 
are summarized in Table 2. 



OtguUtttidn for'Ccobonjte .Cooperation ■ : ■ 
and Owdapment tOCCP) go wnn w nu 0% 
OECO banks and public-sector •ntitfw 20% 
Corporate and olher count«rpartf«» 60% 
TaUt 2: Risk weights for otf-batance-«hetrt trirtwctionj. flf |BJS I9S7> 

The foremost conclusion of the ISO A evaluation of credit 
risk and regulatory capital requirements (ISDA 1998) is 
that there is an urgent need for reform. The report 
promotes adoption of a models-based approach as an 
alternative to the current standardized rules. A models- 
based approach, such as the MC approach described 
below, is more consistent with internal risk management 
practice and is more conducive to prudent credit risk 
management. They note a number of shortcomings in the 
current regime, including 
- limited differentiation of credit risk among broad 
categories of credit 

• static measures of default risk based on an 8% capital 
requirement adjusted for broad categories of risk 

• no recognition of the term structure of credit risk, and 
thus no recognition of the evolution of risk factors and 
the greater probability of default associated with 
longer exposures 

• simplified potential future risk calculation, leading 
to limited and inexact recognition of netting and of 
moneyness of the position 

■ lack of recognition of portfolio diversification effects 
and thus encouragement for judicious diversification. 
While the BIS assumes a static add-on for Potential 
Exposure, the simulation-based method computes the 
contract's value through time under each scenario. 
Moreover, the probability of default and recovery rate 
are implicitly taken into account by the BIS through 
the risk-weight factors and the capital-to-exposure ratio, 
whereas they are explicit under the simulation-based 
approach. In the next section, we consider the 
simulation-based method. 



The Monte Carlo-based Method 
Monte Carlo simulation is a comprehensive method for 
estimating credit exposures and losses for derivative 
portfolios. Although Monte Carlo simulation is generally 
difficult to implement and computationally intensive, it 
can realistically incorporate the impact of all sources of 
risk, offsetting correlations between various positions and 
counterparties, as well as netting and mitigation provisions. 

in its most general form, during a Monte Carlo 
simulation a large number of joint scenarios are 
generated based on (i) the market risk factors affecting 
the value of the portfolio, (ii) credit events such as 
default and credit migration, and (iii) recovery rates for 
each contract upon default. Every scenario is a path over 
time of tens, and possibly hundreds, of risk factors 
covering market and credit events. Typically, the 
simulation is performed over the entire life of the 
transactions in the portfolio. Under each scenario and 
time step, the portfolio is revalued and recoveries are 
applied when default occurs. Finally, the results of the 
simulation are aggregated and various statistics are 
computed from the distributions of the exposures over 
time and from the distribution of losses. 

A naive simulation is not computationally practical. 
A prohibitively large number of scenarios is required 
since credit events, especially default, occur with 
low probabilities. 

This limitation can be overcome by exploiting some 
basic properties of the problem and by making some 
simplifying assumptions. In particular, one can speed 
up the computation dramatically by applying a simple 
'decomposition 1 of the problem. We have defined credit 
exposure as the cost of replacing or hedging a contract 
when default occurs. Therefore, exposures depend only 
on the state of the market at that time, and not on the 
credit state of the counterparty. 

As a first stage, one can run a simulation on the whole 
portfolio to compute a 'table of counterparty exposures'. 
The table of exposures summarizes the Actual Exposure 
(Equation 4 or 5) and Total Exposure (Equation 3 or 7) of 
every counterparty, under each market scenario and time 
step. This is generally the most computationally 
expensive step in the simulation since it requires the 
valuation of all the instruments in the portfolio under 
each scenario. Then, to compute credit losses one runs 
a new simulation with joint random draws from the table 
of exposures, counterparty defaults and recoveries. A 
large number of scenarios can be drawn in this case, 
since every time a default occurs in a scenario, the 
losses are simply computed by reading the table and 
applying the recovery rates; no expensive portfolio 
valuations are necessary. 
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The simulation of credit events can be eliminated 
altogether when computing counterparty credit losses if 
we further assume that (i) the probabilities of default 
and recovery rates are deterministic and (ii) market and 
credit events are independent. 

The first assumption is quite common in many pricing 
models (Jarrow and Tumbull 1995, Hull and White 1995, 
and Jarrow et al. 1997). Das and Tuffano's model (1997) 
relaxes the assumption of deterministic recovery rates in 
Jarrow et al. and correlates recoveries to interest rates. 
Credit risk models such as Wilson (1997) and 
CreditMetrics (JP Morgan 1997) have also traditionally 
assumed deterministic defaults and recoveries, although 
this assumption can be relaxed. The CreditRisk* model 
(Credit Suisse 1997) explicitly incorporates stochastic 
probabilities of default. 

The assumption of market and credit independence, 
while not always realistic, greatly simplifies the 
calculations. Hence, it has been frequently employed; for 
example, Hull and White (1995) and Jarrow and Tumbull 
(1995) use it to price derivative securities, while 
Jamshidian and Shu (1997) use it in their credit risk 
calculations. Hull and White argue that the assumption 
is not unreasonable when the counterparties are large, 
well-diversified financial institutions whose books are 
unlikely to be sensitive to movements in a single market 
factor. The assumption is less realistic, however, when 
the counterparties are production firms that engage in 
derivative transactions to hedge their positions or to 
speculate in the areas in which they have special 
knowledge. Ouffee (1996) demonstrates by example 
that in these cases, the assumption significantly 
impacts the results. 

If one makes assumptions (i) and (ii) above, the toss 
distribution can be obtained explicitly, without further 
simulation, from the table of exposures, the recoveries 
and the cumulative default probabilities of the 
counterparty. This is depicted in Figure 1 for a single 
counterparty. 

Consider a set of n market scenarios, each with 
probability p } , and assume that default can occur at m 
discrete points in time, t,. In this figure, XfijJ Is the 
conditional loss if default occurs at time t, and scenario 
o>j, i.e. Wi.;J=L(P,tj), as given by Equation 8 or 9, 
assuming scenario coy occurred. These are the entries of 
the table of exposures adjusted by the recovery rates. 
Because of the independence assumption, the probability 
of a loss of XU,j) is simply p,x D it the product of the 
probability of market scenario o)y occurring and the 
probability of default at time v The full counterparty loss 
distribution is simply obtained by ordering these losses 
in ascending order. 
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Figure 1 illustrates a small example with three points in 
time and four market scenarios, resulting in 13 possible 
loss values. The last value corresponds to the case of 
no default (and thus zero loss) occurring before the 
last time point. 

Based on these loss numbers and their associated 
probabilities, various statistics can be obtained. We 
define three measures of credit loss: the Expected Loss, 
and two measures defined as the maximum losses that 
can be expected to occur at some level of confidence, a. 
• Expected Loss, EL 

The Expected Loss from a given time, tj,, (across 
scenarios and time): 

ti m 

< M > «W >lfc [L(P.T)]« £ £ mxp^Di 
/-I i«t+J 



where E DA>jt > t y\ is the expectation function with 
respect to both the scenario and default probabilities, 
conditional on default not occurring before t t . 
• Maximum Scenario Loss, MSUct) 
The scenario credit loss is the expected loss from 
a given time, to the contract's maturity, T, under 
an assumed market scenario j: 



» E D|t>M0/ [L(P.T)l 



X X(ij)xD. 

i« U 1 



where ^o\%>t A ,©i*3 is tne expectation function, 
in the interval 4 fi,;,TJ, with respect to the default 
probability, conditional upon market scenario co r 
and default not occurring before time t±. 
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The Maximum Scenario Loss at a level of confidence 
level a, MSUcO, is obtained by ranking the expected 
value of the losses under each scenario (Equation 15) 
and choosing the maximum (at level a): 

t1 «> Pr{E D(t> ^[L(P,x)]£MSL(a)} = a 
• Maximum Loss, Mt(a) 

The Maximum Loss, across time and scenarios with 
respect to a confidence level, a, ML(a), can be 
obtained directly from the distribution of the tosses at 
all possible combinations of time points and market 
scenarios, ranking them and choosing the one that 
corresponds to the value at which the chance of 
losses higher than MU<x) does not exeed l a: 

(i« Pr{A.(*J)SML(a)) = a 

In the case study in the next section, we assume that 
the probabilities of default and recovery are deterministic, 
and that counterparty defaults are independent of the 
market risk factors. The table of counterparty exposures 
is computed from a multi-step Monte Carlo simulation, 
where scenarios for the market risk factors (interest and 
foreign exchange rates) follow a general multi-curve, 
multi-factor model with mean reversion. 

Mean reversion prevents the volatilities of the 
underlying processes from becoming unduly large even 
though a credit risk analysis covers a long simulation 
time horizon. 

Each node on an interest rate curve is treated as 
a separate risk factor. The scenarios are then generated 
based on a historical estimation of the volatilities and 
correlations of the risk factors. These volatilities and 
correlations are assumed to be constant over time. 

A Case Study 

In the previous section we introduce the MC method. In 
this section we accomplish the remaining two objectives 
of this paper. First, we present the details of a test 
portfolio for which we produce a credit risk report based 
on a Monte Carlo credit analysis. We examine this report 
for the information that might be derived by a credit 
risk manager and highlight several significant aspects 
of the counterparty exposure and loss profiles. Finally, 
we contrast these results with those derived from the 
BIS approach. 

The Sample Portfolio 

The sample portfolio of the Spadina Bank is constructed 
such that it is representative of derivative portfolios held 
by major North American banks. It contains portfolios for 
six counterparties with four types of derivative 



transactions— foreign exchange options, foreign exchange 
forwards, currency swaps and interest-rate swaps. Five of 
the counterparties are OECO-incorporated banks with 
credit ratings of A or higher. The other counterparty is 
a BB-rated corporation. The counterparties, together 
with their credit ratings and outstanding contracts as 
of June 4, 1997, are summarized in Table 3. 

The marked-to-market values of the transactions are 
calculated using the data on interest rates and foreign 
exchange rates as of June 4, 1997. These data are 
obtained from Reuters on-line services. In total, there are 
sixteen currencies (including USD) in the portfolio. 

The Spadina Bank has a netting agreement with every 
counterparty. All agreements allow cross-product netting, 
except for the agreement with Ruby which allows all the 
foreign exchange contracts (i.e., FX forwards, FX options 
and currency swaps) to be netted together, and all 
interest-rate contracts (IR swaps) to be netted together, 
but does not permit netting between the two types. 

Monte Carlo Simulation 
To generate the distributions of credit exposures and 
credit losses at future points in time, we create 1,000 
scenarios on the 16 relevant interest rate (zero) curves 
and 15 foreign exchange rates using a multi-factor, 
multi-step Monte Carlo method with mean reversion. 

Because the volatilities of some Asian interest rates 
and currencies are extremely high, they are adjusted such 
that none of them exceeds 8%. This is to ensure that the 
simulation does not generate values of risk factors that 
are unreatisticalty high. We believe that this adjustment 
is justified based on past behaviors of interest rates. For 
interest rates that have low volatilities such as those of 
the G7 countries, a mean reversion coefficient of 0.01 is 
used. For other interest rates, we use a coefficient of 0.1. 

Probabilities of Default and Recovery Rates 
To calculate credit tosses, we require the probabilities of 
default, D ( , and the recovery rates, R(c,t), should default 
occur. The default probabilities are calculated based on 
average one-year transition matrices for banks and for 
corporations (Standard & Poor's 1997). These transition 
matrices contain the historically average probabilities that 
a company (bank or corporation) with a certain credit 
rating migrates to another rating or default by the end of 
one year. The cumulative probability that a company will 
default by the end of n years is obtained by multiplying 
the appropriate transition matrix by itself n times. These 
cumulative probabilities are summarized in Table 4. 

The probability of default in a future period can be 
determined from Table 4. For example, the probability that 
a AA bank will default between year 3 and year 5 and not 
default before year 3 is 0.06% (= 0.08% - 0.02%). 
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Note that our calculation of default probabilities assumes 
that the default processes are Markovian. That is, we 
assume that the probability of migration depends solely 



on the counterparty's current credit rating, and not on its 
credit rating history. A conservative recovery rate of zero 
is assumed for all contracts. 
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Table % Sample portfolio by counterparties. The notiortati of the swipe are equal to the swap principals. The nationals of the foreign exchange forwards and foreign 
exchange options are obtained try multiplying the contract abe by one unit of the underlying currency, and then converting it into USD eibtg the exchange rates on June 4, NOT. 




AAA— Bank 0.00 0.00 0.02 0.09 0.36 0.91 1.81 

AA— Bank 0.00 002 0.08 033 1.10 243 4.25 

A— Bank 0.04 0 17 0.48 1.38 3.31 5.80 8.60 

BB— Corporation 1.10 4.62 9.02 15.88 24.22 31.19 36.92 
Table t Cumulative probabilities of default 
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Results 

Based on the implementation of a MC simulation 
described above, we produce a credit risk report which we 
examine for information that might be derived by a credit 
risk manager. We highlight several significant aspects of 
the counterparty exposure and loss profiles and contrast 
these results with those derived from the BIS approach. 

MC-based Credit Exposures and Losses 
Figure 2 is an example of a credit risk report for the 
Spadina Bank that summarizes the results of an analysis 
based on the MC approach. It comprises two tables. 
The first contains statistics on credit exposure: 

• Actual Exposure, AE, (Equation 1) 

• Expected Total Exposure, ETE 

• Maximum Total Exposure at a 99% confidence level, 
MTEf99%). 

The Total Exposure to a counterparty under a scenario 
is calculated using Equation 3 or 7, depending on the 
provisions for netting. 1 The Maximum Total Exposure, 
MTb'f99%>, is then obtained by ranking the Total 
Exposures under all 1,000 scenarios and choosing the 
one for which there is a less than 1% chance that 
Total Exposure in other scenarios will be higher 
than MTE(OQ%): 

Pt{TE(P,0SMTE{99%)} = 99% 



The second table summarizes the results of the loss 
calculations: 

• Expected Loss, EL, (Equation 14) 

• Maximum Scenario Loss at a 99% confidence level, 
MSL(99%), (Equation 16) 

- Maximum Loss at a 99% confidence level, MU99%), 
(Equation 17) 

• Maximum Loss at a 99.9% confidence level, 
MJU99.9%), (Equation 17). 

As well, the report includes a set of graphs that 
illustrates the evolution of exposures over time for each 
counterparty. Each of the figures contains three different 
profiles of Actual Exposure through time: 

• Expected Actual Exposure 4 

- Maximum Actual Exposure at a 95% confidence level, 
MAE(95%) 

■ Maximum Actual Exposure at a 99% confidence level, 
MAE(99%). 

The report is dated June 4, 1997. We review the 
information that a credit risk manager might extract 
from this summary credit report, beginning with an 
examination of the credit exposures. 

Only two counterparties— Ruby and Topaz— have 
positive current Actual Exposures. The Total AE 
represents the portfolio's replacement cost should both 
counterparties default today. The portfolio's current value 
of 310 million USD is about half of its current Actual 



The Spadina Bank Credit Report June 4. 1997 
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Exposure (662 million USD) because netting across 
counterparties is not permitted. 

The tabulated Expected Total Exposure and Maximum 
Total Exposure by counterparty suggest that future 
exposures are greater than current exposure in each case. 
This suggestion is confirmed by the counterparty exposure 
profiles. Each of the three exposure profiles for each 
counterparty increases from the current value and 
remains positive for some period during the simulation. 
At the portfolio level* Expected and Maximum Total 
Exposures, 1,047 million USD and 1,894 million 
USD respectively, suggest that future credit exposure 
is, on average, 58% higher than the current exposure. 
The Maximum Scenario Loss, MSL(99%), is almost 
three times higher. 

The exposure profiles identify the periods in which 
counterparty default would be most financially damaging. 
Consider the exposure profiles of Diamond. The Maximum 
Actual Exposures, MAE(95%) and MAE(99%), are zero 
during the first six months, and then surge to peaks of 
about 82 million USD and 150 million USD, respectively. 
Using the simulation infrastructure to investigate the 
causes of this increase, the credit manager discovers that 
it is primarily the result of foreign-exchange forward and 
option contracts, whose values drastically increase in a 
number of scenarios due to the volatilities of their 
underlying currencies. The behaviour of the Expected 
Actual Exposure, however, suggests that there are 
other scenarios where the values of these contracts 
decrease; otherwise, the mean exposure would sharply 
increase as well. 

Next we consider the report on credit losses, beginning 
with a comparison of the maximum credit losses at 99% 
and 99.9% confidence levels. The ML(99%) is non-zero 
only for Diamond. Default is such a low-probability event 
that (i) for each of the five counterparties, there is a less 
than 1% chance that it will default when the exposure to 
it is positive, and (ii) there is a less than 1% chance that 
Diamond will default when its exposure is greater than 
1.88 million USD. 

At an increased level of confidence of 99.9%, 
ML(99.9%), we note that all counterparties except 
Emerald have positive losses, and that the maximum 
credit loss for Diamond is no longer the largest. Let's 
analyze the losses of these two counterparties. 

Although Emerald is a BB-rated corporation, its 
ML(99.9%) is zero for two reasons. First, all of its 
contracts expire within four years, half of them in two 
years. Secondly, its contracts are collectively out-of-the- 
money (i.e., the current aggregated rnarked-to-market 
value is negative). As a result, the simulated exposure 
profiles over the lives of its contracts are zero at most 
time points and under most scenarios. Thus, its 
MSL(99%; and its Expected Loss are low. 



The Maximum Scenario Loss for Diamond is the highest 
even though its exposures are much lower than those of 
Ruby and Topaz. Compared to Ruby, which is a AAA 
bank, Diamond has a higher probability of default 
because it has a lower credit rating. This causes 
Diamond's MSU99%) to be higher. Compared to Topaz's, 
Diamond's contracts have much longer maturities. As a 
result, the calculation of Diamond's MSL(99%) (Equation 
16) spans a much longer period. The longer period is 
especially important because, from Table 4, the marginal 
probabilities of default are higher in later years. 
Therefore, even though Diamond and Topaz have the 
same credit rating, there are a few scenarios under 
which Diamond has a higher Maximum Scenario Loss 
as the effect of Diamond's longer maturities dominates the 
effect of Topaz's higher credit exposures in the early years. 

Although Diamond has the highest MSL(99%), it does 
not have the highest Expected Loss. This is because its 
Expected Actual Exposure is only slightly positive through 
time. The Expected Losses of Ruby and Topaz are higher, 
which is to be expected since their exposure profiles 
indicate prolonged, significant, positive Expected 
Actual Exposures. 

Though the exposures summarized in the report 
indicate that substantial tosses can be incurred, the 
probabilities that those losses will occur, and thus the 
Expected Losses, are substantially smaller. 

Comparison of Methods 
In this section, we compare measures of credit exposure 
and loss under the MC approach to the Credit Equivalent 
Amounts, CEAs, and Capital Reserves, CR, under the BIS 
methodology/The issues raised by IS DA and noted above 
are well-illustrated by this case study. 

The ratios of Maximum Total Exposures, MTE(99%), to 
CEAs are depicted in Figure 3. They range from 0.56 for 
Emerald to 1.73 for Topaz, suggesting that the CEAs can 
be higher or tower than the simulated MTE(99%), 
depending on the nature of the contracts with each 
counterparty. In general, it appears that the CEAs are 
higher when the counterparty's current Actual Exposures 
are zero (i.e., Sapphire, Emerald and Turquoise, but not 
Diamond). This is to be expected since the BIS approach 
applies the same add-on Potential Exposure regardless of 
the moneyness of the current position. As a result, unless 
the exposure increases substantially over time [which is 
the case with Diamond), the CEAs are likely to be higher 
than the simulated Maximum Total Exposure. 

Because losses are a function of exposures, the 
discrepancy between the two methods is propagated 
through the toss calculation. Figure 4 shows the log ratios 
of four different MC measures of credit losses to the BIS 
capital reserves. The ratios of Expected Losses to capital 
reserves are very low, ranging from 0.003 for Emerald to 
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0.18 for Topaz. The ratios of MSLf99%) to the BIS 
capital reserves are all less than 1. The same is true for 
the ratios of Ml(99%) to the BIS reserves. On the other 
hand, except for Emerald, the ratios of MU99.9%) to the 
BIS reserves are very high, ranging from 6.25 for Ruby 
to 48.7 for Topaz. 

The results indicate that credit reserves set to 
ML(99%) would be lower than the BIS capital reserves, 
while credit reserves set to ML(99.9%) would be much 
higher than the BIS capital reserves. Because the 
probability of a targe credit loss for highly rated 
counterparties is very low, the first credit loss that is 
observed in a simulation typically falls between the 99% 
and 99.9% percentile. As a result, the decision taken on 
the appropriate confidence level significantly affects the 
amount of the reserve that should be set. 

Next, we consider the capability of the methods 
to account for the impact of netting as a credit 
enhancement tool on credit exposures and losses. We 
compare the ratios of the Maximum Total Exposures 
with and without netting to the ratios of CEAs with 
and without netting. 

Figure 5 shows that Spadina Bank can benefit 
significantly from netting agreements with counterparties 
with zero current AE, as evidenced by the ratios for 
Diamond, Sapphire, Emerald and Turquoise. In addition, 
for these four counterparties, the CEA ratios consistently 
exceed the MTEf9996J ratios, implying that the BIS 
approach does not adequately account for the effect of 
netting. On the other hand, for Ruby and Topaz, whose 
current Actual Exposures are positive, the BIS approach 
over-estimates the benefit of netting. 



This counter-intuitive outcome is a result of the non- 
forward looking nature of the BIS approach: the Net-to- 
Gross Ratio is calculated based on current exposures only 
and does not consider future exposures. It is possible that 
portfolios have exposures that benefit less from netting in 
the future than today. While a Monte Carlo simulation over 
time captures the changing characteristics of the portfolio 
and the reduced netting benefits, the static BIS approach 
does not recognize any changes in the exposure profile over 
time and overestimates the risk reduction due to netting. 
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We have explored the merits of the Monte Carlo based 
analysis of credit exposure and losses. The MC approach 
differentiates among categories of credit risk, accounts 
for the moneyness of the position and the changes in the 
values of the underlying risk factors, and recognizes 
the impact of the term structure of credit risk and the 
benefits of netting and of portfolio diversification. As 
well as specifically accounting for each of the factors 
that impacts credit exposure and loss, the simulation 
underlying the MC approach provides an explanation 
of the outcomes of the credit analysis. 

However, some caution must be exercised when 
applying statistical analyses to any problem, and this 
case study provides excellent examples of these dangers. 
We discuss one illustrated by exposure measures and 
one by the losses. 

Emerald's exposure profiles show the Expected Actual 
Exposure lying between the Maximum Actual Exposure 
profiles of MAE(95%) and MAEf99%). The reason for 
this counter-intuitive result is that Actual Exposures are 
positive in less than 5% of the scenarios. Therefore, 
MAEf 95%) is zero over time, while the Expected Actual 
Exposures are slightly positive. This illustrates the 
potential danger of using a percentile measure (such 
as Value-at-Risk) to measure credit risk. 

The significant difference between the Maximum 
Losses, ML(99.9%) and MU99%), for all counterparties 
also highlights the danger of the use of a percentile 
measure. The lower the percentile, the greater the chance 
that the measure will miss outcomes that have low 
probabilities but extremely severe impacts. 



Conclusions 

The amount of credit risk capital reserve has been a 
subject of much debate. Currently, the BIS method is the 
only approach banks can use to set their reserves. The 
results of this case study are sufficient to support many 
of the observations made by the ISDA evaluation of credit 
risk and regulatory capital requirements (ISDA 1998) 
concerning the deficiencies of the regulatory standard. 
On the other hand, a models-based approach, such as 
the Monte Carlo method used in this study, addresses 
many of these concerns. 

The MC method can explicitly account for probabilities 
of default and recovery, and thus differentiate levels of 
credit risk among broad categories of credit. It estimates 
future exposure based on a set of market scenarios over 
an appropriate simulation horizon, thus accounting for 
the term structure of credit risk and the evolution of risk 
factors. This more accurate estimation of potential 
exposure leads to a more precise evaluation of the impact 
of netting and moneyness of the position. Moreover, the 
Monte Carlo simulation infrastructure provides a much 
richer set of information which credit managers can use 
to explain the causes of the exposure. 

Because the BIS approach does not take into account 
the evolution of the exposure through time, its resulting 
reserve can be either too low or too high, depending on 
the nature of the transactions and the level of prudence 
required. Under the Monte Carlo method, the capital 
reserves are set to cover a maximum loss calculated 
at some (eve) of confidence. The level chosen will 
significantly affect the amount of reserve that 
should be set.® 
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Endnotes 

1. More generally, credit risk may also include the risk of loss 
that results from changes in expectations of the counterparty's 
likelihood to default, as reflected by an upgrade or downgrade 
of its credit rating. 

2 Note that if the contract's value decreases monotonicalry 
with time, then Potential Exposure to that contract is zero. 



1 Total Exposures are not discounted. As a result, the values 
are in the dollar value of the years that peak exposures occur. 
4. The maximum values in the profiles of Expected Actual 
Exposures are not comparable to the tabulated values of 
the Maximum Total Exposure. 
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An Integrated 
Market and Credit Risk 

Portfolio 

Model 
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We present a multi-step model 
to measure portfolio credit risk that 
integrates exposure simulation and 
portfolio credit risk techniques. 
Thus, it overcomes the major limitation 
currently shared by portfolio models 
with derivatives. Specifically, the 
model is an improvement over 
current portfolio credit risk models 
in three main aspects. 



First, it defines explicitly the joint 
evolution of market factors and credit 
drivers over time. Second, it models 
directly stochastic exposures through 
simulation, as in counterparty credit 
exposure models, finally, it extends 
the Men on model of default to 
multiple steps. The model is 
computationally efficient because it 
combines a Mark-to-Future framework 
of counterparty exposures and a 
conditional default probability 
framework. 
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Credit risk modeling is one of the most important topics 
in risk management and finance today. The last decade 
has seen the development of models for pricing credit 
risky Instruments and derivatives, for assessing the credit 
worthiness of obligors, for managing exposures of 
derivatives and for computing portfolio credit losses for 
bonds and loan portfolios. In light of these financial 
innovations and modeling advances the Basle Committee 
on Banking Supervision has taken the first steps to 
amend current regulation and is reviewing the 
applicability of internal credit risk models for regulatory 
capital (Basle Committee on Banking Supervision, 
1999a, 1999b). 

However, common practice still treats market and 
credit risk separately. When measuring market risk, credit 
risk is commonly not taken into account; when measuring 
portfolio credit risk, the market is assumed to be 
constant. The two risks are then 'added' in ad hoc 
ways, resulting in an incomplete picture of risk. 

There are two categories of credit risk measurement 
models: Counterparty Credit Exposure models and 
Portfolio Credit Risk models. 

Derivative desks traditionally manage credit risk by 
monitoring and placing limits on counterparty credit 
exposures. Counterparty exposure is the economic lass 
that will be incurred on all outstanding transactions if 
a counterparty defaults, unadjusted by possible future 
recoveries. Counterparty exposure models measure and 
aggregate the exposures of all transactions with a given 
counterparty. In the BIS regulatory model, potential 
exposures are given by an add-on factor multiplying 
the notional of each transaction (Basle Committee 
on Banking Supervision, 1988). Although simple to 
implement, the model has been widely criticized because 
it does not accurately account for future exposures. Since 
exposures of derivatives such as swaps depend on the 
level of the market when default occurs, models must 
capture not only the actual exposure to a counterparty 
at the time of the analysis but also its potential future 
changes. Recently, more advanced methods based on 
Monte Carlo simulation (Aziz and Charupat 1998) have 
been implemented by financial institutions. By simulating 
counterparty portfolios through time over a wide range of 
scenarios, these models explicitly capture the contingency 
of the market on derivative portfolios and credit risk. 
Furthermore, they can accurately model natural offsets, 
netting, collateral and various mitigation techniques 
used in practice. 

Since their main focus is on risk at the counterparty 
level, counterparty credit risk models do not generally 
attempt to capture portfolio effects such as the 
correlation between counterparty defaults. In contrast, 
Portfolio Credit Risk (PCR) models measure credit capital 
and are specifically designed to capture portfolio effects, 



specifically obligor correlations. They include 
CreditMetrics (JP Morgan 1997), CreditRisk* (Credit 
Suisse Financial Products 1997), Credit Portfolio View 
(Wilson 1997a and 1997b) and KMVs Portfolio Manager 
(Kealhofer 1996). Although superficially they appear 
quite different— the models differ in their distributional 
assumptions, restrictions, calibration and solution— 
Gordy (1998) and Koyluoglu and Hickman (1998) show 
an underlying mathematical equivalence among these 
models. However, empirical work shows generally that 
all PCR models yield similar results if the input data is 
consistent (Crouhy and Mark 1998; Gordy 1998). 

A major limitation of all current PCR models is 
the assumption that market risk factors, such as interest 
rates, are deterministic. Hence, they do not account for 
stochastic exposures. While this assumption has less 
consequence for portfolios of loans or floating rate 
instruments, it has great impact on derivatives such 
as swaps and options. Ultimately, a comprehensive 
framework requires the full integration of market 
and credit risk. 

In this paper, we present a multi-step, stochastic 
model to measure portfolio credit risk that integrates 
exposure simulation and portfolio credit risk methods. 
Through the explicit modeling of stochastic exposures, 
the model overcomes the major limitation currently 
shared by portfolio models in accounting for the exposure 
caused by instruments with embedded derivatives. By 
combining a Mark-to-Future framework of counterparty 
exposures (see Aziz and Charupat 1998) and a conditional 
default probability framework (see Gordy 1998; Koyluoglu 
and Hickman 1998; Finger 1999), we minimize the 
number of scenarios where expensive portfolio valuations 
are calculated, and can apply advanced Monte Carlo 
or analytical techniques that take advantage of the 
problem structure. 

We restrict this paper to a 'default mode' model; that 
is, the model measures credit losses arising exclusively 
from the event of default. However, default mode models 
cannot account for deals that have direct contingency on 
migrations (e.g., credit trigger features) without further 
modifications. Although perhaps computationally 
intensive, it is not difficult to extend the model to 
account for migration losses. Note, however, that since 
credit migrations are actually changes in expectations of 
future defaults, a multi-step model captures migration 
losses indirectly. 

Specifically, the model presented in this paper is an 
improvement over current portfolio models in three main 
aspects: 

• First, it defines explicitly the joint evolution of market 
risk factors and credit drivers. Market factors drive the 
prices of securities and credit drivers are non- 
idiosyncratic factors that drive the credit worthiness of 
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obligors in the portfolio. Factors are general and can 
be microeconomic, macroeconomic, economic and 
financial. 

• Second, it models directly stochastic exposures 
through simulation, as do the Counterparty Credit 
Exposure models. In this sense, it constitutes an 
integration of counterparty exposure and Portfolio 
Credit Risk models. 

• Finally, it extends the Merton model of default (1974), 
as used, for example, in Credit Metrics, to multiple 
steps. It explicitly solves for multi-step thresholds and 
conditional default probabilities in a general 
simulation setting. 

The rest of the paper is organized as follows. We begin by 
introducing a general framework for Portfolio Credit Risk 
Models. The framework is first illustrated through the 
commonly known single-step model with deterministic 
exposures. Next, we present the multi-step, stochastic 
model in two stages. First, we extend the single-step 
model with deterministic exposures to account for 
stochastic exposures, and second, we extend that model 
to a multi-step version. The paper closes with some 
concluding remarks and an outline of future work. 

Framework for Portfolio 
Credit Risk Models 

Current portfolio models fit within a generalized 
underlying modeling framework. Gordy (1998) and 
Koyluogtu and Hickman (1998) first introduced the 
framework to facilitate the comparison between the 
various models. Finger (1999) further points out that 
formulating the models in this framework permits the 
use of powerful numerical toots known in probability that 
can improve computational performance by dramatically 
reducing the number of scenarios required. The main 
idea behind the framework is that conditional on a 
scenario all defaults and rating changes are independent. 
A state-of-the-world is a complete specification at a point 
in time of the relevant economic and financial credit 
drivers and market factors (macroeconomic, 
microeconomic. financial, industrial, etc.) that drive the 
model. A scenario is defined by a set of states-of-the- 
world over time. In a single-period model there is a direct 
correspondence between a state-of-the-world and a 
scenario; in a multi-period model a scenario corresponds 
to a path of states-of-the-world over time. 

In this section, we introduce the basic components 
of the framework, which we subsequently use to present 
various models. We make several steps explicit in the 
framework, which were previously implicit in the original 
presentations. This further specification permits us to 



present the models in a manner that better explains 
the assumptions made and allows us to address the 
generalizations of the model. 

The framework consists of five parts: 

Part 1: Risk factors and scenarios. This is a model of 
the evolution of the relevant systemic risk factors over 
the analysis period. These factors may include both credit 
drivers and market factors. 

Part 2: Joint default model. Default and migration 
probabilities vary as a result of changing economic 
conditions. An obligor's probabilities are conditioned 
on the scenario at each point in time. The relationship 
between its conditional probabilities and the scenario 
is obtained through an intermediate variable, called the 
obligor's credit worthiness index. Correlations among 
obligors are determined by the joint variation of 
conditional probabilities across scenarios. 

Part 3: Obligor exposures, recoveries and losses In a 
scenario. The amount that will be lost if a credit event 
occurs (default or migration) as well as potential 
recoveries are computed under each scenario. Based on 
the level of the market factors in a scenario at each point 
in time, Mark-to-Future (MtF) exposures for each 
counterparty are obtained accounting for netting, 
mitigation and collateral. Similarly, recovery rates in 
the event of default can be state dependent. 

Part 4: Conditional portfolio toss distribution in a 
scenario. Conditional upon a scenario, obligor defaults 
are independent. Various techniques based on the 
property of independence of obligor defaults can be 
applied to obtain the conditional portfolio loss distribution. 

Part 5: Aggregation of losses in all scenarios. Finally, 
the unconditional distribution of portfolio credit losses is 
obtained by averaging the conditional loss distributions 
over all possible scenarios. 

We illustrate the framework with a single time 
step Portfolio Credit Risk model with deterministic 
exposures, PCR_SD. Common notation and key 
concepts are also introduced. 

Next, the model is extended to allow for stochastic 
exposures in a singte-step setting, PCR_SS. Finally, we 
present a third model, PCR.MS, which allows for multiple 
time steps and stochastic exposures. 

A set of four tables (Appendix 1) summarize the 
features of the models and highlight the similarities 
and differences of the models presented here. Table Al 
presents a summary of the features of the three PCR 
models. Table A2 summarizes definitions of the risk 
factors and scenarios in Part 1 of the framework. Table 
A3 summarizes the components of the joint default 
model of Part 2. Table A4 summarizes the calculations 
for conditional obligor losses, conditional portfolio losses 
and unconditional losses of Parts 3 to 5 of the framework. 
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PCRSD: 

Single-Step 

with Deterministic 

Exposures 

The first model, PCR.SD, measures single-step portfolio 
credit losses with deterministic obligor exposures 
and recovery rates. This is a two-state form of the 
CreditMetrics model. We consider a default mode model, 
where default is driven by a Merton model. 

Consider a portfolio with N obligors or accounts. 
Each obligor belongs to one of N, < N sectors. We assume 
that obligors in a sector are statistically identical. The 
grouping of obligors into sectors facilitates the estimation 
and solution of the problem. 

Part 1. Risk Factors and Scenarios 
Consider the single period [t^ t] where, generally, t = 1 
year. In this single period model a scenario corresponds 
to a state-of-the-world. At the end of the horizon, t, the 
scenario is defined by q c systemic factors, the credit 
drivers, which influence the credit worthiness of the 
obligors in the portfolio. 

Denote by x(t) the vector of factor returns at time t; 
i.e., x(t) has components xtft) =» InhtfOfrrftoH, where r k (e) 
is the value of the fc-th factor at time t. Assume that at 
the horizon the returns are normally distributed: xft) - 
N(u, Q), where u is a vector of mean returns and Q is 
a covariance matrix. Denote by ZftJ, the vector of 
normalized factor returns; i.e., Z k U) = (xtft) - u. k ) / a k . 
For ease of exposition, and without loss of generality, 
assume that the factor returns are independent; 
independent factors can always be obtained, for example, 
by applying Principal Component Analysis to the original 
economic factors. 

Fart 2. Joint Default Model 
The joint default model consists of three components. 
First, the definition of unconditional default probabilities. 
Second, the definition of a credit worthiness index for 
each obligor and the estimation of a multi -factor model 
that links the index to the credit drivers. Finally, a model 
of obligor default, which links the credit worthiness index 
to the probabilities of default, is used to obtain 
conditional default probabilities. Below, we explain these 
components in more detail. 

Denote by x } the time of default of obligor j, and by 
p ; ft) its unconditional probability of default, the 
probability of default of an obligor in sector / by time r. 

m P t U) = Pr{x^t) 



Note that all obligors in sector j have the same 
unconditional probability of default. We assume that 
unconditional probabilities for each sector are available 
from an internal model or from an external agency. 

The credit worthiness Index, Y ; . of obligor ; determines 
the credit worthiness or financial health of that obligor 
at time i. Whether an obligor is in default can be 
determined by considering the value of its index. We 
assume that Y y , a continuous variable, is related to the 
credit drivers through a linear, multi-factor model: 

® V° * 2 'jkV> + «A 

where 

is the volatility of the idiosyncratic component associated 
with sector j, $ fk is the sensitivity of the index of obligor j 

to the Jt-th factor and e /( j = I, 2 N, are independent 

and identically distributed standard normal variables. 
Thus, the first term on the right side of Equation 2 is the 
systemic component of the index while the second term 
is the specific, or idiosyncratic, component. Note that the 
distribution of the index is standard normal; it has zero 
mean and unit variance. 

Since all obligors in a sector are statistically identical, 
obligors in a given sector share the same multi -factor 
model. However, while all obligors in a sector share the 
same and o,, each has its own idiosyncratic, 
uncorrelated component, 

The conditional probability of default of an obligor 
in sector j, pft; Z), is the probability that an obligor in 
sector ; defaults at time t. conditional on scenario Z: 

W tyttf) ■ Pr{t.S ilZ(i)} 

The estimation of conditional probabilities requires 
a conditional default model which describes the 
functional relationship between the credit worthiness 
index Y^ (and hence the systemic factors) and the 
default probabilities p f . 

We assume that default is driven by a Merton model 
(Merton 1974). In the Merton model (Figure 1), default 
occurs when the assets of the firm fall below a given 
boundary or threshold, generally given by its liabilities. 
We consider that an obligor defaults when its credit 
worthiness index, Y f , falls below a pre-specified threshold 
estimated from historical data. In this setting, an 
obligor's credit worthiness index, Y )t can be interpreted 
as the standardized return of its asset levels. Default 
occurs when this index falls below a,, the unconditional 
default threshold. 
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From an econometrics perspective, the Merton model 
is referred to as a probit model. It is conceptually 
straightforward to substitute a different default model, 
such as a logit model, as presented in Wilson 
(1997a, 1997b). 



Pr 




-1 0 1 
Index Y, 

Rpn 1: Mirton model of difault 

The first step in the model defines the unconditional 
default threshold, a>, for each obligor. The second 
step calculates the conditional default probabilities 
in each scenario. 

The unconditional default probability of obligor j 
is given by 



(4) 



p. = Pr{Y. < a> } = 0( a> ) 



where <I> denotes the normal cumulative density function. 
For simplicity, we have dropped the dependence on time, 
t. from the notation .Thus, the unconditional threshold, a,, 
is obtained by the inverse of Equation 4: 



The conditional probability of default is then the 
probability that the credit worthiness index falls below 
the threshold in a given scenario: 



= o 



« <*ay(Z)) 

The conditional threshold, aft), is the threshold that 
the idiosyncratic component of obligor }, e )( must fall 
below for default to occur in scenario Z. 

Note that obligor credit worthiness index correlations 
are uniquely determined by the default model and the 
multi-factor model, which links the index to the credit 
driver returns. The correlations between obligor defaults 
are then obtained from the functional relationship 
between the index and the event of default, as determined 
by the Merton model. For example, the indices of obligors 
that belong to the same sector are perfectly correlated if 
their idiosyncratic component is zero. 

Part 3. Obligor Exposures and Recoveries 
in a Scenario 

Define the exposure to an obligor ; at time t, V } , as the 
amount that will be lost due to outstanding transactions 
with that obligor if default occurs, unadjusted for future 
recoveries. An important property of PCR.SD is the 
assumption that obligor exposure is deterministic, not 
scenario dependent: V^f(Z). 

The economic toss if obligor ) defaults in any 
scenario is 



P } (Z) = PrfY.< aj .|Z} 



Pt< 



X P/k z ic + V; <0 ;l z 

lc= / 



where Y; is the recovery rate, expressed as a fraction of 
the obligor exposure. Recovery, in the event of default, 
is also assumed to be deterministic. (Expressing the 
recovery amount as a fraction of the exposure value at 
default does not necessarily imply instantaneous recovery 
of a fraction of the exposure when default occurs.) 
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The distribution of conditional losses for each obligor 
is given by 



(i) 



Lj(Z) = 



V,-(i-Y/) vi&prob. p/Z) 
0 with [nub. l-p/Z) 



Part 4. Conditional Portfolio Loss Distribution 
in a Scenario 

Conditional on a scenario. Z, obligor defaults are 
independent. This follows from Equation 6 and the 
assumption thai the idiosyncratic components of the 
indices are independent. To determine whether an 
obligor default occurs in a scenario, all that remains 
to be sampled is its idiosyncratic component. 

In practice, the computation of conditional losses 
can be onerous. In the most general case, a Monte 
Carlo simulation can be applied to determine portfolio 
conditional losses. However, the observation that obligor 
defaults are independent permits the application of more 
effective computational tools. Some of these techniques 
are described in Credit Suisse (1997), Finger (1999) 
and Nagpal and Bahar (1999). 

For the purpose of exposition only, consider a portfolio 
with a very large number of obligors, each with a small 
marginal contribution. In this case, we can use the Law 
of Large Numbers (LLN) to estimate conditional portfolio 
losses. As the number of obligors approaches infinity, the 
conditional loss distribution converges to the mean loss 
over that scenario; the conditional variance and higher 
moments become negligible. Hence, the conditional 
portfolio losses, 1(1), are given by sum of the expected 
losses of each obligor: 



(SI 



L(Z) - £ mijiZ)) = £ Y (i-YjJ-P/Z) 



Assuming that the LLN is appropriate simplifies the 
presentation which permits us to focus this discussion 
on the differences and similarities among the PCR_SD 
model and the stochastic and multi-step models that 
follow. Other methods include the application of the 
Central Limit Theorem (which assumes the number of 
obligors is large, but not necessarily as large as that 
required for the LLN), the application of moment 
generating functions with numerical integration or the 
application of probability generating functions with a 
discretization of exposures. 



Part 5. Aggregation of Losses in All Scenarios 
Unconditional portfolio losses are obtained by averaging 
the conditional tosses over all scenarios. The distribution 
of unconditional portfolio losses is given by 

(1Q MLp < M = JPr(L(Z) < X)dF(Z) 

Z 

where L P denotes the unconditional portfolio 
losses, X denotes the level of losses and FfZ) is the 
distribution of Z. 

The aggregation of losses is generally obtained by 
performing a Monte Carlo simulation on the risk factor 
returns. Alternatively, analytical solutions are available 
under some restrictions (see Nagpal and Bahar (1999}). 

The first column of Table Al (Appendix 1) summarizes 
the features of the PCR_SD model. In the first columns 
of Tables A2 to A4, we summarize the components of 
the PCR.SD model associated with the framework. 

PCR.SS: 

Single-Step Model with 
Stochastic Exposures 

The second model developed in this paper relaxes the 
assumption of deterministic exposures and recoveries of 
the previous model. The PCR_SS model measures single- 
step portfolio credit losses due to default and assumes 
that obligor exposures and recoveries are stochastic. 

Part 1. Risk Factors and Scenarios 
The definition of risk factors and scenarios is similar 
to that in the PCR.SD model, with the difference that 
now a set of market factors are introduced which are 
determinant in the calculations of credit exposures. 

Consider the single period f to, cj. At the end of the 
horizon, t, the scenario ts now defined by q factors of 
which <f* are market factors and q c = q - q n are credit 
drivers (this separation is for ease of exposition only 
and in no way restricts the model). 

Denote by x(0 the vector of factor returns at time t. 
In general, we use the superscript m to denote quantities 
related to market factors and the superscript c to denote 
those related to credit drivers. Thus, x™ and * denote the 
factor returns of the market factors and credit drivers, 
respectively. The first q m components of M correspond 
to x™ and the following <j l components to x c . 

Assume that both credit driver and market factor 
returns are normally distributed: x(t) - Nfu., Q). Denote 
by 1(0 the vector of normalized credit driver returns; i.e., 
Z k (t) = (%l(t)-\il(t))/a k (t). As in the PCR.SD model, 
assume that the components of Z are independent. Note 
that normalized, independent returns are required for 
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the credit drivers only; the returns of the market factors 
can follow more general models. 

A scenario is described by an outcome of the 
returns vector x, or equivalents by a joint outcome of 
the vectors jc™ and Z. 

Part 2. Joint Default Model 
The joint default model of PCR_SS is identical to that of 
PCR_SD. Conditional default probabilities are as given by 
Equation 6. In the PCR.SS model, the vector Z contains 
only the standardized returns of the credit drivers, Zrft). 

Part 3. Obligor Exposures and Recoveries 
in a Scenario 

The main difference between the PCR.SS model and the 
previous deterministic model is that in this model obligor 
exposures are stochastic. The exposure to obligor j at 
time i, Vfix™), varies by scenario as a function of the 
market risk factors; i.e., V } ~fi^) (the index t is dropped 
for simplicity). 

Exposure for each obligor is obtained through a single- 
step MtF simulation of all outstanding transactions, 
accounting for all netting agreements, mitigation and 
collateral. We refer to the table of obligor exposures by 
scenario, V^x" 1 ), as the Exposure MtF Table. 

We further allow for recoveries in the event of default, 
y r to be stochastic. The economic loss incurred if obligor 
j defaults in a given scenario is 



in) 



L^.Z) = V.(x m ) [l-r t (x* t Z)) 



Because it is difficult to estimate the correlations, it is 
common to assume that recoveries are independent of 
the risk factors. 

The table of obligor conditional losses by scenario, 
L,fV\Z) is referred to as the Obligor Losses MtF Table. 

The loss distribution for each obligor is then 



112) 1^,2) - 



V. {l m ) • (i - Y .(i m , Z)] «uithprat.. Pj (Z) 



hpnb. l-p^Z) 



Part 4. Conditional Portfolio Loss Distribution 
in a Scenario 

As in the PCR.SD model, obligor defaults are 
independent conditional on a scenario Z. The main 
difference, of course, is that the exposures and recoveries 
are now also a function of the scenario. Thus, if the 
portfolio contains a very large number of obligors, each 
with a small marginal contribution, the LLN dictates that 
conditional portfolio losses converge to the sum of the 
expected losses of each obligor: 



(TO 



- I V i (x ra ) (l-T/x m ,Z)).p ) (Z) 

Part 5. Aggregation of Losses in All Scenarios 
Unconditional portfolio losses are obtained by averaging 
the conditional losses over all scenarios: 



(M) Pr(L p <X.} 



es over all scenarios: 

■ j Pr|ux m Z)<x|dF(x m .Z) 



where F(x m ,Z) is the joint distribution of the market risk 
factors and credit drivers. This integral Is generally 
computed using a Monte Carlo simulation. 

The second column of Table Al (Appendix 1) 
summarizes the features of the PCR_SS model. In 
the second columns of Tables A2 to A4 we summarize 
the components of the PCR.SS model associated with 
the framework. 



PCR_MS: 

Multiple-Step Model 
with Stochastic 
Exposures 

The previous single-step, stochastic model, PCR.SS, is 
now extended to a multi-step setting. Model PCR_MS 
measures multi-step portfolio credit losses due to default 
and assumes that obligor exposures and recoveries are 
stochastic. Default is driven by a multi-step extension of 
a Merton model. 

In this section, the full derivation of the discrete time 
model is presented. Appendix 2 introduces the problem 
of determining the credit worthiness process for the 
continuous time analog. The resolution of this problem 
will be addressed in future work. 

Part 1. Risk Factors and Scenarios 

Assume M multiple discrete time steps during the period 

ft rt . T/: »o<t I <t 2 <...<t M = T. A state-of-the-wortd at each 

time is defined by a realization of q factors, out of 

which q m are market factors and q c credit drivers, 

respectively. 

Denote by rbj the vector of risk factor values at 
time (j and by x(tj the vector of factor returns from time 
to to t,; i.e., xft;) has components x^t,) = Infr k ft ( )/r k (( 0 JA 
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where rtftj is the value of the fe-th factor at time t jt Again, 
x"* and x 1 denote the factor returns of the market factors 
and credit drivers, respectively. 

We assume that the evolution of the vector of risk 
factor values over time is determined by a set of 
stochastic differential equations: 
<J 

MS) Jr fc (i) = \L k {r,t)dt+ £ <S kl ir,i)dw r k ~ 1 4 

I - J 

where n t denotes the instantaneous drift of factor k and 
w it is l : 2,...,q, are uncorrected Wiener processes. The 
matrix ti » (a u ) is such that co T forms an instantaneous 
covariance matrix. In general, the parameters of the 
stochastic differential equation can be functions of both 
time and risk factors. 

More specifically, assume that the credit driver 
returns follow an arithmetic Brownian motion with 
constant coefficients: 

*t 

i«) dx[{t) s: \i[dt+ £ou(fwf , k = i q 

1- J 

No additional assumptions are made concerning the 
process for the market risk factors; the process for the 
market risk factors is as defined in Equation 15. 

A scenario, in the discrete time setting, is then 
described by an outcome of the return vectors xft ; ), 
i = I,..., M, (or, equivalent^, by a joint outcome of the 
vectors r™ and K). Thus, in the multi-step model, a 
scenario is a path of states-of-the-world over time, i.e., 
a scenario is defined as x a hit), i = / Ml 

Part 2. Joint Default Model 
The joint default model consists of three components: 
unconditional default probabilities and thresholds, a 
multi-factor model for the credit worthiness index of each 
obligor and a default model. 

In the discrete time setting, the time of default of 

obligor j, x r can take values t,, i * i M. The 

unconditional probability of default at time t,, pftj, is 
the probability that default of obligor j occurs in the 
t-th time step: 



Denote by ?ft n ) the unconditional cumulative probability 
of default of an obligor in sector j by time t n : 

n n 
111) P,.(i n > = Pr{x.ii n ) » £ Mt^t.) = 

I = I 1 = 1 

Unconditional default probability term structures for each 
sector are an input to the model. They may be estimated 
from an internal model, from an external agency, or 
inferred from one period unconditional transition 
matrices, assuming a Markovian process. 



tn the development of the single-step models we noted 
that an obligor's credit worthiness index, Y jt can be 
interpreted as the single-step standardized return of its 
asset levels. In the multi-step model the credit worthiness 
index of each obligor evolves through time. For a given 
obligor Aft) is the level of the index. The return of the 
index up to time t, is y/t;); i.e.. y/t,) = WA/iJ/A/^). 
Finally, Yyft,) is the standardized return on the index 



where \i£t) and o/t,J are respectively the mean and 
volatility of the index returns. Y } U) has zero mean and 
unit volatility at every time step and is thus a canonical 
process. A canonical process is the process equivalent of 
a standard normal variable. In addition, we define the 
single period index returns: 

( A(I i ) 

and 

w 

where Y/Ct^eYjd,) and and oyt.) are the 
mean and volatility of the single period returns. 

We assume that the index is related to the scenario 
through a continuous multi-factor model. The model for 
each obligor ; is given by 



(3D) 



where fy k is the sensitivity of the index to the 

fc-th credit driver; dw jt j = 1 N, are independent Wiener 

processes and o, is the volatility of the tfh idiosyncratic 
component. The canonical process Yft) can be derived 
from Equations 19 and 20. This process is the 
continuous analog to the single-step multi-factor model 
in Equation 2. except that the tatter is standardized 
while the former is not. 

tn discrete time, the solution of Equation 20 can be 
written as 



Oil 



k = I l m J 



where e, are independent and identically distributed 
standard normal variables and At, = t r t M . For ease of 
exposition we restrict attention to the case of uniform 
time steps, At, e At, i = J , 2 m. 
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Therefore, y } is a stationary, independent-increments 
process and thus u^t,) « ^(At) , 

o } (t t ) a o^At) and 0,(1,) = o ; (At)Ji (since 



o- £t ( ) = £ o/(t k ) ). Note that the random variables 



{e„ = Y/i,), 1 = 0, 2, M - J } are independent, 
identically distributed and normal with zero mean 
and unit variance. 

For the default model, we assume a multi-step Merlon 
model. Default occurs in the first time step i that the 
index of the firm falls below the unconditional default 
threshold. 0^ = ct/t,). The prescription of the model 
proceeds in two steps. The first step in the model defines 
the unconditional default thresholds for each obligor, 
ctp. The second step calculates the conditional default 
probabilities in each scenario. 

In the discrete, multi-step model, the time of default 
t, is the first time the credit worthiness index falls below 
the unconditional threshold: 

t /- min i =1.... Mt', : W <0 ii } 

Thus, the probability that default occurs in time step n 
is the probability that the index falls below the threshold 
in time step n and exceeds the threshold in each 
preceding period: 

= Pr{Y ) (, I )>ci /1( Y i (i 2 )>«, 2 

The calculation of the threshold for obligor ) in the first 
time step, t,, is similar to that of the single-step models. 
As given in Equation 4, the single-step unconditional 
probability of default is the cumulative normal of the 
unconditional threshold. More formally, we can also write 
the probability of default in the first time step as 



(22) 



where 



The threshold Oj, is the standard normal quantile 
associated with the unconditional probability appearing 
on the left side of Equation 22: 

(ZD ttji » O* 1 

Note the similarity between Equation 23 and Equation 5. 

The probability that default occurs in the second time 
step, t 2 , can be written as 

w tyi 2 ) » Pr{T«t 2 ) * PT{Y j (i J )>o. /) Y^( l2 )<a i2 F 
-Pr(Y.( t] )> V 1 g «V) 

« > a ( 



P 2 \ 0(«)(Kv-u)d«dv 



where » ^Jl . Default does not occur in the first 
time step, thus the limits of integration are fa /It ~) ; 
default must occur In the second time step, thus the 
limits of integration are (-*°.<*j2l . 

The unconditional threshold for the second time step, 
a^, is defined implicitly in Equation 24 from the 
probability p j U 2 ) and the tj-threshold a j} . 

More generally, for any time step n, the threshold 0^ 
is determined implicitly from the default probabilities 
and the thresholds at all previous time steps: 

= ff -J" *K- v n-|)*K-i-%-2) 

— Opi-J Oil 

where Oj, = a jt Ji . 

Given the cumulative default probability curve for each 
sector, thresholds can be computed using a Monte Carlo 
method which solves recursively for the limits of the 
integrals in Equation 25. 
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We define the conditional probability of default, pfa*), 
as the probability that default of an obligor in sector; 
occurs in the n-th time step conditional on the realization 
of the credit drivers up to time i n : 



(26) 



pfax) = Pr|t. = i n |x c (( i ).i=/ nj 



The computation of the conditional default probabilities 
is as follows: for the first time step, the conditional 
probability of default is, as in the previous models, 
given by 

m ►£i*V^W < ^i|* c<i i , 1 



Pt 



a., |* <r,: 



* c 

Vi» a J i+>y i i>- 1 h*ki 

e. < 1 



It « i 



O^ 



The threshold, adjusted by the drift and volatility of 
the index returns, is = o/t.Ja,, + ji/t,). Note that 
Equation 27 is equivalent to Equation 6. 

For the second time step, the conditional probability 
is given by 



JlzJL 



Then, in general, for time step n 

n-l 



where 



Equation 28 can be restated as 
n- i 



n 

t « I 



Z^lz 6 

.1 o i J I » / 



The right side of Equation 29 can be computed using 
numerical integration. Details of the computation of the 
multi-step conditional default probabilities are presented 
in Appendix 3. 

Part 3. Obligor Exposures and Recoveries 
in a Scenario 

As in the single-step stochastic model, PCR_SS, 
obligor exposures are stochastic. However, in 
this model, the exposure to obligor j is dependent 
on the path of the market risk factors up to time c,, 
V il ix m )aV i {t i ) = /<x ra (t k )).0S it* i.. Since exposures 
at various times are summed, each is already discounted 
to today. Thus, discounted exposures express the capital 
that must be held today to cover future defaults 
(unadjusted for recoveries). 

Exposures for each obligor are obtained through a 
multi-step simulation of all outstanding transactions, 
accounting for all netting agreements, mitigation and 
collateral. Aziz and Charupat (1998) present examples of 
the computation of these exposures. The table of obligor 
exposures over every scenario, V^x" 1 , t,) is referred to as 
the Multi-step Exposure MtF Table. 

The economic loss if obligor j defaults in time step i, 
is the exposure of obligor j at time step i, net of 
recoveries, where it is also assumed that recoveries 
in the event of default, y jlt are stochastic: 



The probability of this default is pfliijf). Thus, for every 
time step i, the distribution of conditional obligor losses 
is given by 



0 wahpmb. '-f^:* C ) 

The table of conditional obligor losses, L p fx), is referred 
to as the Multi-step MtF Table of Obligor Losses. 
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Pact 4. Conditional Portfolio Loss 
Distribution in a Scenario 
At each time step, obligor defaults are independent, 
conditional on a scenario. The losses in a given scenario 
are simply the sum of the losses at each time step 
in that scenario. 

If the portfolio contains a very large number of 
obligors, each with a small marginal contribution, the 
LLN dictates that conditional portfolio losses at each 
time step converge to the sum of the expected losses 
of each obligor: 

hi 

» l <v*>- iv" ,) ( , y' i<, )'i(vi 

i - i 

Expected portfolio losses in a given scenario are the sum 
of the expected losses in each time step: 

M 

W) Ux) = £ L( tf ,jc) 

i- / 

Part 5. Aggregation of Losses in All Scenarios 
Unconditional portfolio losses are obtained by averaging 
the conditional losses over all scenarios: 

,34, Prf L p < X> = fPriHx) < XjdT(x) 

x 

where F(x) is the probability distribution in the scenario 
space. This integral is generally computed using Monte 
Carlo techniques. 

The third column of Table Al (Appendix 1) summarizes 
the features of the PCR.MS model. In the third columns 
of Tables A2 to A4 we summarize the components of the 
PCR.MS model associated with the framework. 



Concluding Remarks 

We have presented a new multi-step Portfolio Credit Risk 
model that integrates exposure simulation and advanced 
portfolio credit risk methods. The integrated model, 
PCR.MS, overcomes a major limitation currently 
shared by portfolio models in accounting for the credit 
risk of portfolios whose exposures depend on the level 
of the market. 

Specifically, the model presented in this paper is an 
improvement over current portfolio models in three main 
aspects. First, it defines explicitly the joint evolution over 
time of market risk factors and credit drivers. Second, it 
models directly stochastic exposures through simulation, 
as in Counterparty Credit Exposure models. Finally, it 
extends the Merton model of default to multiple steps. 
Although the latter seems conceptually straightforward, 
the resulting mathematical model is not trivial. Moreover, 
expressing the model so that it is amenable to an 
efficient solution is essential. 

The model is computationally efficient because it 
combines a Mark-to-Future (MtF) framework of counterparty 
exposures and a conditional default probability framework. 
The computational benefits are threefold: 
- First, the number of scenarios for which expensive 

portfolio valuations are made is minimized. 

• Second, the model is based on the same computations 
used for monitoring counterparty exposures and 
placing limits at the desks. A MtF framework allows 
users to exploit these computations and use them for 
both counterparty exposures and portfolio credit risk. 
This is not only important for computational purposes, 
but also leads to more consistent enterprise risk 
measurement. 

• Third, advanced Monte Carlo or analytical techniques 
that take advantage of the problem structure can be 
used to solve the problem faster and more accurately 
than standard Monte Carlo methods. 

We have restricted this paper to a default mode model. 
It is not conceptually difficult to extend the model to 
account for migration losses as well. Note that since 
credit migrations are simply changes in expectations of 
future defaults, a multi-step model partially and indirectly 
captures migration losses. Future work will address these 
Issues in detail. ® 
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Appendix 1. Model Summary Tables 

This appendix contains tables summarizing the three 
models presented. 



I 



Time steps 


single-step 


single-step 


multi-step 


ExposuNs and recoveries 


deterministic 


stochastic 


stochastic 


Credit events 


default 


default 


default 


Defautt model 


Marten 


Marton 


Merton 


Simulation factors 


credit drivers 


credit driven 


credit drivers 






market factors 


market factors 


Factor dtrtribotkm 


credit drivers: standardized 


credit drivers: standardized . 


credit : drtvie^'Raat^;n^birnr' 




normal returns 


norms] returns 


' , f ■ • - 






market factont nonratl r etui us ' 


market fee tore* general 


Input data 


(unconditional) on* yui 


(unconditional) one year 


term structure of (unconditional) 




default probabilities for 


default probabilities for 


default probabilities lor 




each obligor /sec tor 


each obligor/sector 


each obligor/sector 




unconditional threshold 


unconditional threshold 


unconditional thresholds 


Output resuMs 


Exposure MlF Table 


Exposure MtFTabte 


■ Muftftbtp Exposure MtF Tabte -: 




Obligor Lessee MtF Table 


caiifor Losses MtF Table 


Mufti-step Otr Tatieo«OUIfDr Losses' 



Table A1: Feature summary of Portfolio Credit Risk models 



standardized normal staadmfzad normal ■ -: " ^reuniff f^ftntS* 

Market rteh fact on not applicable market factor returns; Equation 15 market factor returns; 

normal general 

*-M - JWH. Q) d m {t) m Wn t)dt + £ a ^ Tt t)dwi 

tm I 



single-step single-step mufti-step 

Tibia A2: Part 1— Definition of risk factors and scenarios 
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Unconditional Equation 1 

default p.(t) = Pt{t it} 

probability ' ' 



Equation 1 

^(0 = Pr(T ( St} 



Equation 17 
Equation 18 



Credit Equation 2 



Equation 2 



Equation 21 



whara 



4 

I 



Unconditional Equation 5 
default _ j, - I,. . 

thnnhold a i = ° ( ty 



Equation 5 



CondKforaJ Equation 3 Equation 3 

tyi;Z) - Prlx^tlZti)} p.(r;2) - Fr{x.<i|ZO)} 



Equation 6 



P/2) = * 



Equation 6 



PfX) = * 



Equation 25, solve for tt/n = Of n /^ 

a,,, i a, » 
Equation. 26 * 



Equation 29 



Tabid A3: Part 2— Joint default models 
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Appendix 2. The Canonical Credit Worthiness Process 

Consider a single obligor. The canonical creditworthiness 
process, Yft), is described by 

V(i) - 

Jt 

where w t is a one-dimensional Wiener process. In the 
continuous time Merton model, the time of default x is the first 
time when the process falls betow a boundary ait)'. 



t - inf{Y(t) < a(t)\ 



Let tha function P(t), with 0£P(t)£J for all t<T and f(? ^ q 

dt 

represent the probability of default before time t; Le., 

P(i> = Pr(T<t} 
This continuous time problem is depicted in Figure A1. 




figum At: Continuous time default model 



Appendix 3. Compotstion of Motti-Stap Conditional 
DefiirtProbstlDtles 

In general, for time step n, the conditional default probabilities 
of a given obligor are given by Equations 28 and 29: 



Pt 



n-I 

n l Y ii > «ii^ V in <0 ;n| X V i -' n 

i - I 



n-i 

n 



I e | >tt i« 



1 = 1 



where 



\ k - I ' 



For simplicity, the index j, denoting a given obligor, is removed 
from the notation. 
Denote by 

[n-I , 



and 



Then it follows that 

Pr(B n _ t ) = Pr(A„) + Pr{B n ) 

The probability P^BJ is a function of n variables, 

0 0 (u r ,.. . , t^l The function G n (u, satisfies the relation 



(A1) 



whereat) = i(t) - Pr{e n + I >t}. 

The integrals in Equation A1 are evaluated using numerical 
integration techniques. 
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j^/Jfiny inMituti;:n;,. r'Mit.'-.iniiy Uti^e r or t jor^t id'"' r. ciiv, 
I V 1 ^overnri'irnl:;. mry linhihtii.'S by lUSium; deU in 
nr'J.:i to mi St.* <- "ois '.--pit-' & uSu.-illy misoc in 

bo|h short rfinl luh^-tenn :jo'nt rr*tf»rX*j»-u. I*t misih^, ti 

CHpUdl. 1 1 IS IIL J i i/V-siy <n i Ml v,llk'l till/ i isk/i o c .t tf en lt--< -It 

lit.'f.vt/ffi r,tin;i t ; \hnrl t'Min del it, which implies ttcptn:nt 
letMlriiiring <it uno.il. nn in;ert/Si Mtt;s. jnd Ion*; tern 
bunds, when tvptc.i. ly poy j higher coupon. In ikibili-v 
nvnui;omeiit, cost iivw be ciofm^l as the expected vn.ue 
Ot cumulative inteu'St fx pence's dud risk t is th^ variability 
jf cuinulcitivf ititt.'i.^l t»|.it'i'^es 

T ti -'■ ti^hihty (n^M-i['/-nirMit pioblrrn i\ r:hnr<irlen/ed 
by ionj; tnm; hoi i/nns. typically SeveMl yr.if... O^ci the-,;. 1 
lengthy hon.'ons p-jr tfr-lni etlucts Such .is iv'.u.vce". 
t tt;i:ip„ coupon payment*;. .'md iimUh il must he 

l OIl'jhJl.Tt/i I Tl.J tliudt/l ill'.' Iinp.il t of Utf'f.*' >'(tr'(. IS lilt' 

positions must chm <">vei tnm.' Dynamic portfolios -ire 
purlfnlios ■.•/■th |ti^ili:;ns that rhriii^e over time ^voiding 
to dynamic portfolio strategics decision rules that define 
how the positions crun^e. These ruler, msv tie j simple 
deterministic, pro specified lebdl.-ncmg sched j1e or ri 
more euinpliOiPjd set ot iules thai depend on future 
market events ^nd/or portfolio r hnr nrt eristics. 

Standard implementations ol common risk 
management tools, such oS RisMvlctncs Vo:ue ut Ris* 
iVrtR) UP Morgan 1996). assume there are no portfolio 
effects. In fact, Ris^Me'trics Vri.R analysis is based on 
portfolios in which the positions du nut chdiiiie over the 
huM^uri uf the analysis. While tins assumption m<iy be 
reiser Mhle tot Iht- lin'if hnnrnn ol traditional nsU 
uunugement (HJ djys, StVy). it is untenable iut longer 
non 23ns. If these poitioho effects jre unaccounted tor, 
the eslimates of future portfolio characteristics may he 
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i.1 fil. r ........ 



Strategies 



R ir hard m.irk .'in tt r.r.iiu (Vlme 



Moreover, VaR fnethodole^ies base risk measutes on 
'marked-io-market' values. Although ?ui t^hu; lor many 
applications, the VaR methodology is not as appropriate 
when stakeholders ot an organ -z^t ion nre concerned 
About factors other than m.'irket value. For example. 
Shareholders, rightly cr wronnty. may consider price. 
earn:it^s and profit indicators. In the context of an 
institution issuing debt, the market value is perceived 
to he less import Ant. and managers typically lock at I he 
development in debt costs. as defined hy some function 
of interest payments. 

Tms paper couples dynamic portfolio strategies 
with scenario generation in a Simula bun methodology 
lu determine how I he interest expenses of a liability 
port I oho evolve over tune. The scenario j-enerat ion 
methodology is assumed to forecast risk -factor 
innovations that may have non zero means Another 
standard assumption in risk management is that these 
factors have mean zero: this assumption leads tu biased 
results in an analysis that emends over a Inng tune 
horizon. The reader is referred to Kirn. Malz and Mma 
tor a discussion ot Ine issues associated with 
forecasting financial variables over a Ion 3 time horizon. 

The introduction ot dynamic strategies enables all the 
tools ot risk management, including Monte Carlo 
simulation, VaR and stress testing, to be applied to 
asset/I lability management problems. F'recise valuation 
rnootils that account tor portfolio off (sets improve the 
accuracy of the catoulapons. Conversely, it also allows the 
tools of asset/liability management, lor example, risk/return 
analysis, to be applied tn risk management problems. 

The usefulness ot dynamic portfolio strategies is 
illustrated through an extended example In the e>ample, 
we consider tne problem of desiynin^ a guv en intent's debt 
piogram. This problem can be viewed as a constrained 



Optimization problem m which an assef'hahility manager 
must minimize risk sab|ec! tu a cost constraint and also, 
in this case, a constraint that the government maintains 
a given cash balance m its aer.ount. 

The e<ample is organized as follows. Firsl. the 
problem is dose 1 : bed in detail to illustrate how a simple 
dynamic pnrlfohn stralegy can he t.sed to meet the 
^ovr-rnmenl's ob|eehve n ruler a particular nominal 
interest rate scenario. In this case. 3 month bills and 
0 year oonds are used bv the pjjvemment to maintain a 
pjven cash balance. The results of tins analysis are stress 
tested. Then, at order to develou a uetter understanding 
of the nsk/cost trade-off. the analysts 'S repeated fur 
different dynamic portfolio strategies and cost levels. 
The result is an ettoent frontier, bince there are only two 
types ol instruments, tms ef in: lent frontier is dimply a 
locus of risk/cost points and all strategies are efficient. 
To generate a more imereshug set ot results, the proctem 
is enriched by the introduction of 2-yeai bonds The svt 
nl dynamic portfolios on the new efficient tronher sturdy 
dominates any others. Finally, a more complicated 
dynamic portfolio strategy is considered and its effect 
is discussed in terms ot the nsk/cost trade-otf. 

A f.nor 1, the example is expected to dlustuitt the 
conventional wisdom that short derm debt is cheap hut 
risky and lon^-terrn debt is expensive hut safe Indeed, 
the results strongly support this. However, even this rather 
simple analysis supgesls Lome shor roomings with this 
•ntuition. In particular, the results surest that issuing too 
muiji long-term debt can actually increase risk The 
increased risk associated with financing the higher interest 
payments of tne long term debt more- than offsets any 
reduction in risk incurred by issuing lonp.derm debt. 

Although asset/liability issues can be addressed using 
other techniques, dynamic portfolio strategies offer a 
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more intuitive and easily implemented approach that is 
capable of dealing with practical problems in a real-world 
setting. Before launching into the example, the next 
section provides a brief overview of other methods of 
addressing asset/liability management problems and how 
they relate to dynamic portfolio strategies. 

Dynamic Portfolios 

Although not yet prevalent in risk management practices* 
the history of dynamic portfolios is extensive. In its 
simplest form, single-period portfolio selection can be 
thought of as a dynamic portfolio problem. Traditional 
Markowitz mean-variance analysis (1952,1987) can be 
used to determine the optimal holdings in a portfolio of 
risky assets such that the optimal, rebalanced portfolio 
yields the minimum variance for a given rate of return. 
However, this approach allows lor only a single 
rebalancing within the time horizon examined. 

More interesting multi-stage dynamic portfolio 
problems may be modeled as the outcome of a dynamic 
stochastic programming problem. Dynamic stochastic 
programming, the study of procedures for decision 
making over time in a stochastic environment, deals well 
with uncertainty; however, the problem size escalates 
dramatically even for very small numbers of financial 
assets, time periods, possible return outcome values and 
constraints the government wishes to impose. Eppen and 
Fama (1968, 1971) model two- and three-asset problems 
using this technique and Daellenbach and Archer (1969) 
extend their work to include one liability. These models 
consider uncertainty of return and are dynamic, but 
only problems with a very small number of financial 
instruments can be analyzed simultaneously; hence, 
they are of limited use in practice. 

Wolf (1969), Bradley and Crane (1972, 1980) and 
Lane and Hutchinson (1980) use stochastic decision 
tree models. Bradley and Crane apply their dynamic 
stochastic model to bond portfolio management. Their 
model, while useful for small problems, again becomes 
computationally unwieldy with even a few periods and 
possible outcomes. Kusy and Ziemba (1986) discuss a 
stochastic linear program under the uncertainty approach 
and compare it with Bradley and Crane's models. 
They show by simulation that the stochastic linear 
programming approach is superior to the decision tree 
dynamic programming approach developed by Bradley and 
Crane; however, the Kusy and Ziemba model does not 
account for final period effects nor is it truly dynamic 
since it is solved two periods at a time in a rolling fashion. 

The Russeil-Yasuda Kasai model, developed for 
the Yasuda Fire and Marine Insurance Co., Ltd. and 
described in Carino and Ziemba (1998) and Carino, 
Myers and Ziemba (1998), builds on this previous 



research to develop a large scale dynamic model with 
possibly dependent scenarios, final period effects, and all 
the relevant institutional and policy constraints of Yasuda 
Kasai's business enterprise. Although the Russell-Yasuda 
Kasai model is one of the first genuine commercial 
applications of dynamic stochastic programming, the 
complexity of the model limits its extensibility and 
adaptability by other institutions. 

An alternative to modeling dynamic portfolios using 
stochastic dynamic programming is to use decision rules. 
These rules have several advantages over other methods: 
they are simple to communicate, they can truly capture 
the nature of the firm's behaviour and they are robust 
in the face of uncertainty. However, they may not be 
optimal in the sense that the dynamic portfolio resulting 
from a set of decision rules may or may not replicate 
the portfolio resulting from a stochastic dynamic 
programming exercise. Decision rules can vary 
dramatically from straightforward rules such as a 
'buy-and-hold' rule to very complex rules involving 
derivative securities. 

In the context of debt issuance, debt portfolio decision 
rules may vary widely in complexity. For instance, small 
institutions with access to well-developed capital markets 
may have the flexibility of choosing to issue debt at any 
maturity as their participation may have little impact on 
the overall market. In this case, their decision rules may 
be solely based on the trade-off between risk and cost. 
One possible decision rule, though not necessarily the 
optimal one, may simply be to Issue debt at the lowest 
cost maturity along the term structure. 

In contrast, the issuance behaviour of larger 
institutions may affect the overall market. Thus, their 
decision rules may have to account for additional criteria 
and therefore may be more complicated. For example, 
due to liquidity constraints, a large institution may not be 
able to issue all its debt at a single maturity, as a small 
institution can, but may have to spread the issuance 
across the term structure. Even so, it may not always be 
able to issue as much debt as required without affecting 
the debt price. Taken together, these problems imply that 
the decision rules for a large institution must account for 
both the concentration of issuance at a particular 
maturity as well as the absolute amount of issuance. 

The decision rules used in this paper range from 
simple rules that do not depend on any future events 
to more complex, dynamic rules that depend on future 
events as they unfold. The complex rules are easily 
derived by modifying the simple decision rules. These 
rules are applied to the debt issuance problem 
introduced in the next section. 



pvt 4 AdvartCM) Ap»lk«tUm 4.M 



CA 02290888 1999-11-26 



144 



Debt Issuance 

An example of government debt issuance is used to 
illustrate the benefits of dynamic portfolios. A stylized 
program of debt issuance is as follows. Each year the 
government's budget determines expected borrowing 
requirements net of any maturities of outstanding debt. 
Actual requirements are met by issuing bonds and bills 
using a bond issuance program that is pre-announced at 
the beginning of the horizon and a bill issuance program 
that dynamically adjusts to meet outstanding borrowing 
requirements. Any changes in borrowing requirements 
arising from, for example, changes in fiscal policy or 
changes in interest rates, are accommodated by an 
offsetting adjustment to the bill program. 

The size of the pre-announced bond program relative 
to overall borrowing requirements is determined by 
considering the risks and costs inherent in the overall 
borrowing strategy. In this example, cost is measured by 
interest expenses cumulated over the entire horizon and 
risk is measured by the variability of the cumulative 
interest expenses. These definitions suggest that in an 
environment where the yield curve slopes, on average, 
upward, issuing short-term debt will often be cheaper 
than issuing long-term debt. However, short-term debt 
must be refinanced each period and as the interest rate 
at which this will occur is not known in advance, the 
variability in interest payments— which determines risk- 
associated with issuing short-term debt is higher than 
that associated with issuing long-term debt. 

The value of the cash account today is equal to the 
value of the cash carried over from the previous period, 
plus any issuance in bonds and bills, less the value of 
interest payments and any settlements into the cash 
account from bonds and bills that mature in this period: 

(l> caxhj = cash,, j + Wis, + bonds t - maturities - rnterest t 

where cash t represents the government's cash account 
at time t, casVi represents the cash account from the 
previous period, bilh t and bt>nds t represent new bill and 
bond issuance, respectively, and maturities and micttst, 
represent principal repayments and interest expenses. . 

tf future capital requirements are known in advance 
and interest rates are deterministic, then all the terms 
of Equation 1 are known and the equation can be solved 
for total issuance at each time t (WUt+bonds,). Designing 
a debt issuance program would be straightforward— a 
pre-announced schedule for both bonds and bills could 
be designed to meet the necessary requirements. 

In a more realistic environment where capital 
requirements are not necessarily known in advance and 
interest rates are stochastic, the problem becomes more 
complicated and the program must be designed to 



accommodate future changes in these variables. In this 
case, given forecasts of future borrowing requirements 
and interest rates, Equation 1 can still be used to find an 
expected issuance program, but the program will depend 
on the actual (unknown) path of future interest rates and 
capital requirements. 

To illustrate how dynamic portlolio strategies may 
be used in this debt issuance environment, an extended 
example is presented that begins with a very simple set 
of dynamic portfolio strategies. 

A Simple Example 

Following the stylized debt issuance program outlined 
above, the first example in this paper uses a simple set 
of dynamic portfolio strategies to develop a new debt 
issuance program. This issuance program is developed 
using a given yield curve referred to as the nominal 
scenario; this nominal scenario also serves as a reference 
curve for the sets of scenarios generated for stress 
analyses in later sections. 

At the beginning of the horizon, the government's 
outstanding debt portfolio consists solely of treasury bills. 
The government initiates a bond program in an effort to 
reduce its interest cost and risk exposure. In light of 
this, the government wishes to analyze the risk and cost 
implications of this new program over a five-year horizon. 
The debt program in this example may be summarized 
as follows: 

• Each quarter the government has a capital 
requirement that is met by issuing short- and 
long-term debt using treasury bills and bonds. 

A quarterly capital requirement exists to maintain 
a cash balance of $100,000. 

• Part of this requirement is met by issuing bonds 
according to a pre-announced quarterly schedule. 
Each quarter, $5,000 worth of 5-year, fixed-rate 
coupon bonds are issued at par. 

• The remainder of the requirement is raised using 
treasury bills. These are issued in a dynamic fashion 
such that in each quarter enough bills are issued to 
meet the overall capital requirement. In particular, 
sufficient bills are issued to cover any interest 
expenses and maturities in excess of new bond 
issuance. Bills are assumed to be 3-month bills 
(zero-coupon bonds). 

• At the beginning of the five-year horizon, the 
institution has previously issued enough 3-month bills 
so that its current cash balance is $100,000. 

From Equation 1, the assumption that the cash balance 
remains constant implies that Interest payments evolve 
according to 

rnterest t = Wis, + bonds, - maturitics t 
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or equivalent^, if maturities are identified as being either 
bond or bill maturities 

W interest t => net bill usuance t + net bond issuance t 

Figures 1 and 2 illustrate the evolution of the bill and 
bond program in an environment with an upward sloping 
yield curve. At the beginning of the horizon, there is 
$100,000 of outstanding 3-month bills that mature at 
the end of the first quarter. At that time, the principal 
repayment and interest due on these bills must be 
refinanced to maintain the required cash balance. 
Bonds equalling $5,000 are issued and the remaining 
refinancing requirement is met using bills. This can be 
seen in Figure 1. (n the first quarter, bonds with a net 
worth of $5,000 are issued, interest expenses are 
approximately $1,000, and, using Equation 2, net bill 
issuance is $1,000 - $5,000 = -$4,000. In other words, 
$100,000 worth of matured bills and approximately 
$1,000 in interest are refinanced using $5,000 worth of 
bonds and approximately $96,000 worth of bills. After 
the first quarter, as illustrated in Figure 1, the bond 
program continues to issue $5,000 per quarter and net 
bill issuance remains negative. Over time, as shown in 
Figure 2, the higher bond issuance compared with bill 
issuance leads bonds to dominate the composition of 
government debt. Note also from Figure 2 that total debt 
increases over time as interest payments are financed 
through new issuance. 
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Figures 3(a) and 3(b) graph interest expenses on a 
quarterly and cumulative basis. Again, it can be seen that 
interest expenses are increasing. More interestingly, it can 
also be seen that interest expenses vary over time. The 
interest curve evolves through the forward rates and 
because the interest curve is upward sloping, future spot 
rates change. This affects both the cost of raising funds 
using bills and, through its affect on the coupon rate, the 
cost of raising funds using bonds. As the grass issuance of 
bills is greater than the gross issuance of bonds, interest 
expenses due to bill issuance tend to be more volatile over 
time. (As these are 3-month bills, gross bill Issuance is 
equal to the amount of bills outstanding which exceeds 
the $5,000 of gross bond issuance— see Figure 2). 
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Alternative Issuance Patterns 
To explore the impact on cost of various issuance 
patterns, the previous analysis is repeated with alternative 
issuance patterns. The alternative patterns range from a 
strategy of issuing no bonds (implying that all refinancing 
is done with 3-month bills) to one that calls for issuing 
$10,000 bonds, in increments of $2,500. Table 1 
summarizes the results. 




0 25482 

2.500 26.339 

5.000 27.496 

7.500 28,653 

10,000 29310 



Table 1: Atamativs tnuanca patwrni 

Recall that an upward sloping yield curve is used to 
calculate the interest exposure. It is apparent from 
Table 1 that portfolios with a higher bond issuance have 
higher cost, measured in cumulative interest payments. 
However, what is not apparent from examining the table 
is how the risk, measured by the volatility of these 
interest payments, changes with the amount of bond 
issuance. The risk associated with different issuance 
patterns is explored, first with a simple stress test and 
then in a Monte Carlo simulation. 

A Simple Stress Test 

The first simple test stresses the portfolio to assess the 
sensitivity of cumulative interest expense to the nominal 
interest rate scenario. The stress test Is a 1% parallel 
shift in the yield curve that occurs in the second year of 
the planning horizon. Figures 4(a), 4(b), and 4(c) present 
the results corresponding to a $5,000 bond program. 
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Not surprisingly, the increase in interest rates leads to 
an increase in interest expenses. What is more relevant 
is that most of the increase in interest expenses, at least 
in the near term, is due to interest payments associated 
with the bill program. Recall that each quarter the entire 
bill program is 'rolled over* (that is, each quarter all the 
bills mature and are then reissued). Thus, the higher 
interest rates are felt immediately. The interest expenses 
associated with the bond program are less sensitive to 
the curve shift because there is less new bond issuance. 
Note, however, that interest expenses associated with the 
bond program increase over time as more bonds are 
issued at the higher rates. 

Table 2 presents the results for the range of issuance 
strategies presented in Table 1. Portfolios with a higher 
bond issuance are less affected by the increase in 
interest rates. Again, portfolios comprising more bills will 
incur higher costs as the bills are rolled over in the higher 
interest rate environment. 
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The results of the stress test suggest that issuing more 
bonds leads to less variability in cumulative interest 
payments, albeit at a higher cost. 

An Efficient Frontier 

In this section we examine the risk associated with 
different issuance patterns in a Monte Carlo setting. 
The issuance patterns are those used in the previous 
stress test. The innovations to the nominal interest rate 
scenario are generated using a standard two-factor 
affine yield model similar to a model first proposed 
in Vasicek (1977). The model was calibrated using 
empirical moments estimated from the McCulloch 
and Kwon (1993) dataset. 

Table 3 presents the results. Again, the mean 
cumulative interest expenses (the cost of the issuance 
patterns) increase with the amount of bond issuance. 
In contrast, however, the standard deviation (variability) 
of interest charges (the risk of the issuance pattern) 
decreases with the amount of bond issuance. This 
happens because long-term rates are less volatile than 
short-term rates and, more importantly, because there is 
less rollover risk associated with a large bond program. 
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Figure 5 displays the results for a large number of bond 
programs. Point A corresponds to a portfolio with a 
$10,000 bond program and point B to a portfolio with a 
$0 bond program. Points along the line connecting point 
A and point B represent portfolios with both bonds and 
bills in some combination. Moving from point A to point 
6 corresponds to reducing the size of the bond program. 
As the bond issuance decreases, risk increases and 
cost decreases. 




Rgara * A simpfe tfflcfem frontier 

Figure 5 is a simple example of an efficient frontier— 
the Ixus of risk and cost combinations offered by 
portfolios of risky assets that yield the minimum risk 
for a given cost. 

The efficient frontier may be used to determine the 
appropriate issuance rule for an institution given its risk 
appetite. Given the amount of risk that the organization 
wishes to bear, the bond program that the institution 
should employ may be found by vertically mapping the 
chosen risk level to the efficient frontier. This will lead to 
a bond program with the lowest possible expected cost 
for this level of risk; the actual cost may be found by 
horizontally mapping the point on the frontier to the 
vertical axis. 
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The efficient frontier in Figure 5 is simply a line — there 
are no interior points. This is because there are only two 
instruments available; in the next section, following the 
introduction of a third instrument, the frontier becomes a 
region in the risk/cost space. 

An increased Opportunity Set 
In this section, 2-year, fixed-rate coupon bonds may be 
issued in addition to 3-month bills and 5-year bonds. 
As with 5-year bonds, the amount of issuance may vary 
between $0 and $10,000. 

Figure 6 presents the results of the exercise 
superimposed on the previous results. The line that joins 
point A (all 5-year bonds) and point 6 (all 3-month bills) 
corresponds to the efficient frontier of the previous 
section. Point C corresponds to a portfolio of only 2-year 
bonds and point D to a portfolio of $10,000 worth of 
2-year bonds and $10,000 worth of 5-year bonds. The 
feasible region is defined by the lines that connect point 
B with point C, point C with point 0 and point D with 
point B. Note that point A lies inside the feasible region. 

Adding 2-year bonds to a portfolio of bills only (point 
B), moves the portfolio toward point C. The line BC 
is below BA, implying that, at the margin, the cost of 
reducing risk using 2-year bonds is less than the cost 
of using 5-year bonds. When issuing 2-year bonds rather 
than 5-year bonds, the increase in risk is more than 
offset by the decrease in cost. 

34| — 1 , , , — — , — — , 
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Moving along the frontier, from point C toward point D, 
5-year bonds are added to a portfolio that comprises 
$10,000 worth of 2-year bonds. At the margin, this 
addition reduces risk and increases cost — up to a point. 
Eventually, the bond program becomes so large that risk 
starts to increase because the larger bond program 



generates more cash than required and thus, bill issuance 
is actually negative. Risk increases as the magnitude of 
the bill issuance becomes increasingly more negative. 

As can be seen, the new efficient frontier dominates 
the old frontier everywhere— strategies that include 
2-year bonds have both reduced risk and cost over any 
strategy that uses only bills and 5-year bonds. The 
portfolios that lie between the original frontier and the 
new frontier comprise bills and bonds, both 2-year and 
5-year. The portfolios in the region bounded by ABC 
(labeled with a '*') correspond to portfolios that have a 
total bond program of less than $10,000. The portfolios 
in the region between line AC and the new efficient 
frontier represent bond programs of more than $10,000. 
The portfolios worth less than $10,000 have less risk 
because of the different risk/cost profile of 2-year bonds 
compared to 5-year bonds; portfolios worth more than 
$10,000 have less risk because programs with larger 
bond issuance tend to reduce risk simply because bonds 
are less risky. 

Note that these results depend on the specification 
of the interest-rate scenarios. In general, yields and 
the variance/covariance of yields along the curve will 
determine the relative risks and costs of different strategies. 

Note also that the simple, predetermined issuance 
strategies considered so far can result in negative bill 
issuance. The bill program is conditional on interest 
rates— if interest rates are lower than expected, then, 
depending on the predetermined bond program, the 
amount of bill issuance will be lower and may become 
negative. Constraints can be added to the problem that 
restrict the size of bond issuance such that bill issuance 
is always positive. Alternatively, conditional decision 
rules can be used to address this problem. 

Conditional Decision Rules 
In the previous section, the bond program is defined by 
a simple rule— a fixed amount of bonds is issued in each 
quarter for the duration of the planning horizon. Such 
simple rules are not very intuitive— institutions regularly 
update their bond programs in light of their current 
portfolio and market conditions. Such rules are also 
limiting in the sense that, by using more complicated 
issuance rules, portfolios that have less cost and less 
risk may be constructed. 

Many institutions adjust the amount of bond issuance 
each quarter to maintain a pre-specified ratio of bonds 
to total outstanding debt. More specifically, if the actual 
proportion of bonds to total debt outstanding is greater 
than a target ratio, bond issuance is decreased and bill 
issuance is increased by an offsetting amount; if the 
proportion is less than the target the reverse happens— 
bond issuance is increased and bill issuance is decreased 
by an offsetting amount. The more complex issuance rules 
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considered in this section are based on this practice. The 
target ratio of outstanding bonds to total outstanding debt 
varies between zero and one for the different issuance 
functions examined. As well, the issuance of any one 
bond must be positive and may not exceed $10,000; 
thus, the results are comparable to the previous 
programs. Given these rules, in particular the limit on the 
maximum issuance size, the target ratio may not always 
be obtained immediately, especially if the target ratio is 
quite different from the current ratio. 

Figure 7 presents the results for this set of strategies 
superimposed on the results in Figure 6. Point E 
corresponds to a portfolio of $10,000 5-year bonds and 
$10,000 2-year bonds. Any relaxation of the 
predetermined issuance rules will lead to an efficient 
frontier that lies on or outside that depicted in Figure 6. 
As can be seen, the new rule allows for a reduction in 
both risk and cost relative to the simple rules of 
predetermined issuance. More specifically, the more 
complicated rules allow for a reduction in risk and cost 
for portfolios with large bond issuance. 
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Conclusions 

Dynamic portfolio strategies give risk managers the ability 
to realistically forecast the cost/risk relationship inherent 
in portfolios over longer horizons. By examining longer 
horizons than those analyzed in traditional risk 
management, managers can better assess long-term risk 
including risk measured on a cash flow basis as well as 
on a market or fair value basis. Thus, a long-term Value- 
at-Risk can be calculated for a dynamic portfolio in a 
Mark-to-Future framework. 

In the paper, the problem of debt issuance in a 
stochastic interest rate environment is used to illustrate 
how dynamic portfolio strategies may be applied. The 
paper specifies a number of example dynamic portfolio 
strategies, beginning with a very simple deterministic 
strategy based on a pre-specified rebalancing schedule 
applied to a portfolio of two Instruments-^a 3-month bill 
and a 5-year bond. The addition of a 2-year bond to the 
portfolio demonstrates the benefits of expanding the 
universe of instruments. Finally, the complexity of the 
dynamic strategy is increased by specifying a rule to 
dynamically adjust the amount of bond issuance each 
quarter in order to target a pre-specified ratio of fixed-rate 
debt to total outstanding debt. This additional flexibility 
allows further reductions in both cost and risk. 

The task of constructing dynamic portfolio strategies 
for actual applications will likely result in strategies that 
are more complicated than those presented in this paper. 
Indeed, the design of new strategies is an important area 
of future research. A strate^ of particular interest to risk 
managers might encapsulate limit-based risk 
management by comparing a VaR measure to a limit, 
permitting trading only when the VaR does not exceed 
the limit. Thus, dynamic strategies applied to risk 
management policies may translate into a risk/cost 
trade-off for the firm.® 
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£' inancial institutions worldwide have devoted much 
f effort to developing enterprise-wide systems that 
integrate financial information across their organizations 
to measure their institution's risk. Probabilistic measures, 
such as Value-at-Risk (VaR), are now widely accepted by 
both financial institutions and regulators for assigning 
risk capital and monitoring risk. Since development 
efforts have been driven largely by regulatory and internal 
requirements to report risk numbers, tools needed to 
understand and manage risk across the enterprise have 
generally lagged behind those designed to measure it. 

Measuring risk is a passive activity; simply knowing 
one's VaR does not provide much guidance for managing 
risk. In contrast, risk management is a dynamic endeavor 
and it requires tools that help identify and reduce the 
sources of risk. These tools should lead to an effective 
utilization of the wealth of financial products available 
in the markets to obtain the desired risk profiles. 

To achieve this, a comprehensive risk manager's toolkit 
must provide the ability to 

• represent complex portfolios simply 

• decompose risk by asset and/or risk factor 

• understand how new trades affect the portfolio risk 

■ understand the impact of instruments' non-linearities 
and of non-normal risk factor distributions on 
portfolio risks 

• understand complex, non-intuitive, market views 
implicit in the portfolio as welt as in the investment 
policy or market liquidity 

■ generate potential hedges and optimize portfolios. 
Robert Litterman (1996a, 1996b, 1997a, 1997b) 
recently described a comprehensive set of analytical 
risk management tools extending some of the insights 
originally developed by Markowitz (1952) and Sharpe 
(1964). Developed in close collaboration with the late 
Fisher Black and his colleagues at Goldman Sachs, these 
tools are based on a linear approximation of the portfolio 
to measure its risk and assume a joint (log)normal 
distribution or the underlying market risk factors, similar 
to the Risk Metrics VaR methodology (J. P. Morgan 1996). 
Litterman further emphasized the dangers of managing 
risk using only such linear approximations. However, in 
spite of thetr onerous assumptions, the insights provided 
by these tools are very powerful and hence constitute a 
solid basis for a risk management toolkit. (The reader 

is also referred to the related papers by Mark Garman 
(1996, 1997) on marginal VaR and risk decomposition.) 

This is the first of a series of papers in which we 
present an extended simulation-based risk management 
toolkit developed on top of the analytical tools presented 
by Litterman. Simulation-based tools provide additional 
insights when the portfolio contains non-linearities, when 
the market distributions are not normal or when there are 
multiple horizons. In particular, these tools should prove 



very useful not only for market risk, but also for credit 
risk, where the exposure and loss distributions are 
generally skewed and far from normal. We further 
demonstrate that simulation-based tools can be used, 
sometimes even more efficiently, with other risk measures 
in addition to VaR. Indeed, they also uncover limitations 
of VaR as a coherent risk measure, as has been 
demonstrated by Artzner et al. (1998). 

Simulation-based methods to measure VaR (historical 
or Monte Carlo) are generally much more computationally 
intensive than parametric methods (such as the delta- 
normal method popularized by RiskMetrics). Advances 
in computational simulation methods and hardware have 
rendered these methods practical for enterprise-wide risk 
measurement. However, it is widely believed that risk 
management tools based on simulation are impractical 
since they require substantial additional computational 
work (Dowd 1998). We demonstrate that efficient 
computational methods are available which generally 
require little or no additional simulation to obtain risk 
management analytics. 

In this paper, we extend marginal VaR analysis to a 
simulation-based environment, compare the method with 
the parametric approach and apply it to two practical 
examples. We demonstrate how one can efficiently obtain 
the changes in the portfolio VaR, as measured by a 
simulation, that result from adding a small amount (or 
percentage) ol an asset to the portfolio. We show that, 
since VaR is a homogeneous function of the positions, 
we can obtain an additive portfolio decomposition based 
on marginal VaR, as in the parametric case. We also 
investigate the trade risk profiles of a single asset or a 
class of assets. We discuss the properties of these tools, 
the errors that arise due to sampling, their limitations 
and possible extensions. 

This paper is organized as follows. We first review 
parametric VaR and use its associated risk management 
tools to analyze a portfolio of foreign exchange forwards. 
We then derive the simulation-based tools and discuss 
the potential effects of sampling error. To demonstrate 
the methodology, we re-examine the foreign exchange 
portfolio (obtaining results consistent with the parametric 
version) and also consider a portfolio of stock options 
for which the parametric approach is inappropriate. 
We conclude by suggesting directions for further study. 

Parametric VaR 

The parametric, or delta-normal, method for calculating 
VaR assumes the existence of a set of market risk factors 
whose log price changes are joint normally distributed 
with zero mean; that is, if r fe is the log return on risk 
factor k, then r - N(0, Q*) t where Q* is the covariance 
matrix of risk factor returns. Consider a portfolio 
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composed of positions *, where % is the size of the 
holding in instrument i, for i= /, 2, .... N. As shown 
in the Appendix, the portfolio's 100(1 - a)% VaR (which 
we denote VaR(x), implicitly recognizing its dependence 
on a) is 



ID 



VaR(x) = Jm{x) T Qm(x) 



where Q « Z^Q* is a scaled covariance matrix (Z a 
denotes the standard normal z-value that delimits a 
probability of a in the right tail) and m(x), known as the 
VaR map of the portfolio, is a vector of the portfolio's 
exposure to the risk factors. The elements of m(x) equal 
the monetary value of the portfolio's position in each risk 
factor. Thus, the VaR map provides a reduced, or simplified, 
view of the portfolio from a risk management perspective. 
Note that 



m(x) 



N 



where vector m* is the VaR map of one unit of the Hh 
instrument (i.e., m[ is the exposure to risk factor k that 
results from holding a single unit of instrument 0. 
Equation 2 shows that the portfolio VaR map is the sum 
of the instruments' VaR maps, weighted by position. 

Trade Risk Profile and Best Hedge Position 
Knowledge of how VaR changes with position size is 
critical for effective risk management. If we plot the 
portfolio VaR against the size of the position in a given 
instrument i (all other positions being fixed), we obtain 
the trade risk profile (TRP). As shown in Figure 1, the 
TRP has a unique minimum, which occurs at the best 
hedge position, xf*. The best hedge position can be 
found analytically as described in the Appendix. 




Position size, x. 



■ 1: Trad* rtskprofila 



Marginal VaR 

Managing risk requires an understanding of how new 
trades affect the portfolio risk. Thus, let us now consider 
the calculation of the marginal VaR, which measures the 
impacts of small changes in risk factor exposures or 
instrument positions on the portfolio VaR. From Equation 
1, we find that the VaR gradient with respect to the risk 
factor exposures is 

The fc-th element of V m VaR(x) is the change in VaR that 
results from increasing the portfolio's exposure to the Mh 
risk factor (i.e., mtfx)) by a single monetary unit. 

Since the VaR map of the portfolio is the sum of the 
VaR maps for the positions (Equation 2), it follows that 
the derivative of VaR with respect to the i-th position is 

<4) , (m^VaRf*)) 

Equation 4 indicates the change in VaR due to adding 
one unit of instrument i to the portfolio (if X; < 0, then 
this corresponds to reducing the short position). Note that 
this is simply the derivative of the trade risk profile for 
instrument i at the current position x,. 
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Tall* 1: FX portfolio 
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VaR Contribution 

By decomposing VaR, a risk manager is able to target 
the most significant sources of risk, or the portfolio's 
so-called 'Hot Spots'. This task is complicated by the 
fact that VaR is a sub-additive measure: the portfolio VaR 
is typically less than the sum of the individual position 
VaRs. However, since VaR is a homogeneous function 
(i.e., VaR(ax) =a • VaR(x)), it admits a marginal 
decomposition. Note that if we multiply Equation 4 
by the position and sum over all holdings in the 
portfolio, we obtain 

In Equation 5, each term in the summation is the 
product of position size and the rate of change of VaR 
with respect to that position. This essentially represents 
the rate of change of VaR with respect to a small 
percentage change in the size of the position. 
Let us define 

to be the percentage contribution to VaR of the i-th 
position. Equation 6 must be interpreted on a marginal 
basis; it indicates the relative contributions to the 
change in VaR that results if alt positions are scaled by 
the same amount. Note that at the best hedge position, 
a position's marginal VaR, and therefore also its VaR 
contribution, is zero. 

Similarly, multiplying both sides of Equation 3 by 
m(x) T shows that VaR is equal to the inner product of the 
VaR map and the VaR gradient with respect to the risk 
factor exposures. We can therefore define 

to be the percentage contribution to VaR of the Jt-th risk factor. 
Again, Equation 7 must be interpreted on a marginal basis. 

An Example 
FX Portfolio 

Table 1 shows a portfolio of foreign exchange (FX) forward 
contracts as of July 1, 1997. Suppose that the exchange 
rates, in USD, are 0.73 (CAD), 0.58 (OEM), 0.17 (FRF) 
and 0.0090 (JPY). The total value of the portfolio is 
122,000 USD and its one-day 99% VaR is 78,000 USD. 

For this example, we elect to use the RiskMetrics risk 
factor data set for computing the parametric VaR. The 
portfolio's VaR map, along with the marginal VaR and VaR 
contribution of each risk factor, are shown in Table 2. 



The risk factors in Table 2 are sorted in order of 
decreasing VaR contribution. Since the forwards are 
contracts to purchase foreign currency with USD, the VaR 
map consists of long positions in FX spots and foreign 
interest rates, and short positions in US interest rates. 
The magnitudes of these positions indicate that the 
portfolio has significant exposure to the DEM/USD 
exchange rate and 30- and 90-day interest rates in the 
US and Germany. Note that exposure to any risk factor 
can be eliminated by undoing the corresponding VaR map 
position (e.g., Canadian currency risk can be removed by 
selling 1.09 million USD worth of Canadian dollars). 
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Tibia t Risk factor dati for the FX portfolio (ranltiiJ by VaR contribution) 

The primary source of portfolio risk is currently the DEM 
exposure, as indicated by the fact that it contributes 83% 
of the VaR. Conversely, the CAD exposure is actually 
acting as a hedge for the portfolio, as evidenced by its 
negative VaR contribution (-0.75%). Furthermore, the 
VaR gradient indicates that, at the margin, the VaR can 
be reduced by 5.41 USD for every additional 10,000 
USD of exposure to the Canadian dollar. This may be 
somewhat surprising given that the portfolio is currently 
long CAD; it is a useful illustration of the fact that 
portfolio risk depends not only on the individual risk 
factors themselves, but also on their correlation (in this 
case, the Canadian dollar is negatively correlated with 
the other currencies). 

The previous analysis considers the effects of general 
market factors on the VaR. The analysis at the position 
level (Table 3) yields consistent results. Together, the 
two DEM contracts contribute approximately 83% of 
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the current portfolio risk white the CAD contracts, with 
a total contribution of -0.70%, act as a hedge. Note 
that these values agree well with the VaR contributions 
of the OEM (83%) and CAD (-0.75%) risk factor 
exposures. The marginal VaRs indicate that increasing the 
positions in the DEM. FRF and JPY contracts results in 
greater portfolio risk while a similar increase in the CAD 
contracts reduces risk. This is also reflected by the best 
hedge positions; for the DEM, FRF and JPY contracts, the 
best hedges are smaller than the current positions (and in 
fact suggest shorting contracts), but they are larger than 
the current positions in the case of the CAD contracts. 

The impact of holding the best hedge position in 
a given instrument can be measured in terms of the 
percentage reduction in VaR that can be achieved (i.e., 
the resulting decrease in VaR expressed as a percentage 
of the current VaR). At their best hedge positions, the 
DEM contracts each reduce the VaR by almost 88% 
while each CAD contract offers a much smaller reduction 
of only 0.2%. In many cases, however, it may simply 
not be feasible to hold an instrument at its best hedge 
position. For example, being short seven million units of 
DEM/USD .57 60d contracts may well run counter to the 
underlying objectives of the portfolio. Thus, it is often 



useful to consult the trade risk profile (e.g., Figure 2) to 
determine the VaR reduction that can be achieved within 
practical limitations. 

Simulation-based VaR 

The simulation-based approach to VaR calculation relies 
on a complete valuation of the portfolio under a set of 
scenarios, which may derive from historical data or a 
Monte Carlo simulation* Given a particular 'base case' 
scenario (e.g., representative of current market 
conditions), it is straightforward to calculate the gain or 
loss in portfolio value in each scenario. Let tf denote the 
unit value of instrument i in the base scenario and «j 
denote its unit value in scenario) at some future time t. 
We refer to as a Mark-to-Future value for instrument i. 
Since we assume exclusively a one-day time horizon for 
calculating VaR, we will hereafter dispense with the t 
superscript to improve readability. Let us define 
Aw ¥ = if- Vf to be the unit loss of instrument i in scenario 
j. If the current position in Instrument i is x i( then the 
loss (note that a gain is a negative loss) incurred by the 
portfolio in scenario j is 

m L,(*)= 

i = i 

Suppose that the likelihood, or weight, of scenario j is p ; . 
If we order the losses from largest to smallest (since 
tosses can be negative when the portfolio gains in value, 
'smallest' is taken here to mean 'most negative') and 
calculate the cumulative scenario probability, then the 
non-parametric 100(1 - a)% VaR, or nVaR, equals the 
loss in that scenario for which the cumulative probability 
first meets or exceeds a. We refer to this scenario as the 
threshold scenario. To simplify the notation, we denote 
the threshold scenario simply as s°, implicitly recognizing 
its dependence on x and a. 

For example, consider a portfolio that is evaluated over 
a set of 100 scenarios. Table 4 shows the five largest 
losses, in decreasing order of magnitude, along with their 
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respective scenarios, probabilities and cumulative 
probabilities. For this particular portfolio and scenario 
set, the 95% and 98% nvaRs are 8,800 and 9,500, 
respectively. Note that in the latter case, 
Pii + Pr2 = 0.04 > 0.02 and so one might argue that 
some value between 10,000 and 9,500 provides a better 
estimate for the 98% nVaR. A discussion of the merits 
of such interpolation schemes is beyond the scope of 
this paper; we simply note that the above approach 
may yield a smaller nVaR, relative to interpolated values, 
in some cases. 
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While valuing the portfolio under large numbers of 
scenarios can be a computationally intensive task. nvaR 
analysis has the desirable property of requiring only a 
single simulation. Once the instruments* Mark-to-Future 
values have been obtained, Equation 8 can be used to 
calculate losses for individual holdings (and hence the 
portfolio) under subsequent changes in the positions. 

Trade Risk Profile and Best Hedge Position 
Recall that the trade risk profile plots the level of risk 
(VaR or nVaR) against the position taken in a particular 
instrument. In the parametric case, the resulting curve 
is smooth and has a unique minimum at the best hedge 
position. The nVaR's dependency on a finite number of 
scenarios implies that the non-parametric trade risk 
profile (nTRP) is piecewise linear (Figure 3). As shown 
in the Appendix, the nTRP consists of multiple segments, 
each corresponding to a threshold scenario that is in 
effect for a given range of positions. Unlike the 
parametric case, the nTRP may have multiple local 
minima, and therefore, finding the best hedge position 
(i.e., the global minimum), may require considerable 
computational effort. However, this effort lies only 
in tracing out the nTRP, rather than re-pricing the 
instruments, and so computational time is typically 
far less than that required for a full simulation. 




Position, x, 



Rpo* t Simutetion-bssed trade risk profile 

Marginal nVaR 

One might anticipate that calculating the marginal nvaR 
involves making a small positional change, re-simulating 
the portfolio and recalculating nvaR. Fortunately, this is 
not required. From the definition of nvaR as the loss in 
the threshold scenario 

x 

ii) nVaR(x) = £ x, A» 

1= / 

It follows that nVaR is linear in x. Let us assume for the 
moment that the threshold scenario remains unchanged 
for small variations in the positions. In this case, the 
derivative of nVaR with respect to the t-th position is 

(ID BnVaMx) 

Thus, the Mh component of the nVaR gradient is simply 
the difference between the instrument's values in the 
base and threshold scenarios. 

Let us now examine the marginal nVaR in light of the 
piecewise linearity of the nTRP. In doing so, we wilt make 
reference to Figure 4, which illustrates two adjacent 
segments of a nTRP for some instrument i. In this case, 
positions fxj of 100, 200 and 300 result in portfolio 
nVaR values of 25.000, 10,000 and 15,000, 
respectively. The slope of the first segment is -150 while 
that of the second segment is 50. Recall that positions 
in alt instruments other than 1 are held fixed. 

Since the nTRP is piecewise linear, all positions in 
instrument i that He on the same segment have an 
identical gradient, whose i-th component is simply the 
slope of that segment; that is, for all 100 <x t < 200, 
increasing (decreasing) the position in instrument i by 
a sufficiently small amount 8 decreases (increases) the 
portfolio nVaR by 1506. In this case, a 'sufficiently small' 
change in position can be calculated precisely as a 
decrease of up to x, - 100 or an increase of up to 200 - 
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Now consider a position of 200 in instrument i, which 
corresponds to a change in the threshold scenario. As is 
evident in Figure 4, the gradient is not well-defined at 
this point; its Mh component changes abruptly from -150 
to 50. To deal with this lack of continuity in the gradient 
at such points, it is necessary to consider two one-sided 
sub-gradients. It should be apparent, however, that 
knowledge of the slopes and endpoints of the segments 
comprising the nTRP allows marginal nVaR information, 
and the range for which it is valid, to be reported for 
any position. 
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nVaR Contribution 

Equation 9 immediately provides us with a risk 
decomposition— nVaR is the sum of the position losses in 
the threshold scenario. Thus, the percentage contribution 
to nVaR of the i-th position is simply 



(id 



- x x,Av „ x 100% 



nC(x,) = — — 

Note that Equation 1 1 is identical to Equation 6 in that 
the risk contribution is based on the product of the 
position and the marginal nVaR. Thus, as in the 
parametric case, the above decomposition must be 
interpreted on a marginal basis. If we scale all positions 
by some factor (1 + e), where e is a small constant, then 
nVaR increases by an amount e x nVaR(x) and Equation 
11 indicates the relative contribution of the Mh 
instrument to this increase. 



Implementation 
Considerations 

The simulation-based approach to VaR, as described 
in this paper, depends entirely on the scenarios used in 
the simulation; changing the scenarios is likely to yield 
different values for nVaR as well as for the related 
marginal risk measures. Thus, it is important to recognize 
the possible effects of sampling error on the reported 
values. In particular, while increasing the number of 
scenarios generally improves the reliability of nVaR as 
an estimate of the true Value-at-Risk, the marginal nVaR 
(and similarly, the nVaR contribution) may still exhibit 
considerable variability as more scenarios are sampled. 
To improve the accuracy of these values, we propose 
using a smooth approximation to the nTRP. 

The Problem: Sensitivity to the 
Threshold Scenario 

Recall from Equation 10 that the marginal nVaR is 
determined exclusively by an instrument's values in the 
base and threshold scenarios. Obtaining consistent 
marginal nVaR estimates, then, requires that scenarios 
resulting in similar losses also have similar Mark-to-Future 
values for the instruments. However, this may not hold in 
practice, as illustrated by the following example. Consider 
a portfolio consisting of only two positions that is 
simulated over two scenarios (Table 5), The portfolio has 
an identical value (and therefore an identical loss) in 
both scenarios, yet the instruments' Mark-to-Future 
values (and the marginal nVaRs) are quite different. 
Therefore, the marginal nVaR is extremely sensitive to 
the threshold scenario. 
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Since an instrument's marginal nVaR equals the slope of 
the nTRP for that instrument at the current position, it 
follows that adjacent segments of the nTRP can have 
markedly different slopes (recall from Figure 4 that 
adjacent segments of the nTRP meet at points where the 
respective threshold scenarios incur the same loss). 
Increasing the number of scenarios tends to shorten the 
average length of segments comprising the nTRP. 
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However, adjacent segments do not necessarily become 
better 'aligned' in the sense of having similar slopes. 
Thus, the marginal nVaR may not exhibit the convergence 
that might be expected as more scenarios are sampled. 

The Solution: Smoothing the nTRP 
Fitting a smooth curve to the nTRP, and then taking 
the derivative of this curve, tends to provide a more 
robust estimate of the true marginal VaR. Essentially, 
this approach removes the 'noise' that is present 
in the nTRP. 

One might consider using splines or fitting a 
polynomial function, PfxJ. to the nTRP of instrument i 
(specifically, to the end points of the segments) in the 
least squares sense. Clearly, the degree of ?,(x) should 
be chosen so that the curve provides a reasonable 
approximation to the nTRP, without over-fitting the points. 
A visual comparison of the two curves will generally 
establish the suitability of Pjlx) for the range of positions 
being considered. From this approximation, one can then 
obtain the following estimates: 

• marginal nVaR at position x i 

dx, r ' U,J 

• best hedge position 

nbh f *i • 1 
x, | P,(x ( ) SP^J/br all x, in the range of interest \ 



• nVaR contribution at position x 

nCfx^)* ' ' 1 x 100% 



The FX Portfolio 
Revisited 

To compare the parametric and simulation-based VaR 
analyses, the FX portfolio was simulated over a set of 
1,000 Monte Carlo scenarios. The one-day 99% nvaR 
is 77,000 USD, which differs from the parametric value 
by less than 2%. The resulting loss histogram is 
approximated well by a normal distribution (Figure 5) 
and the nVaR analysis (Table 6) is consistent with its 
parametric counterpart in Table 3. The final column of 
Table 6 gives the range for which the marginal nvaR 
remains unchanged (i.e., the 'length' of the current 
segment of the nTRP for each instrument). Note the close 
agreement between the parametric and simulation-based 
trade risk profiles for DEM/USD .57 60d (Figure 6). 
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Example: 

the NIKKEI Portfolio 

Table 7 shows a portfolio that implements a butterfly 
spread on the NIKKEI index, as of July 1, 1997. In 
addition to common shares of Komatsu (current price 
840,000 JPY) and Mitsubishi (current price 860,000 
JPY), the portfolio includes several European call and 
put options on these equities. The total value of the 
portfolio is 12,493 million JPY and its parametric one- 
day 99% VaR is 115 million JPY. 

This portfolio, which may be representative of the 
positions held by a trading desk, makes extensive use of 
options to achieve the desired payoff profile. A histogram 
showing the distribution of losses over a set of 1,000 
Monte Carlo scenarios (Figure 7) indicates that the 
normal distribution fits the data poorly, and that the 
parametric VaR is likefy to over-estimate the true Value- 
at-Risk. Indeed, simulating the portfolio over these 1,000 
scenarios results in a one-day 99% nVaR of 2.9 million 
JPY, reflecting the fact that the portfolio is well-hedged. 
Because the parametric VaR measures the risk poorly in 
this case, we perform only a simulation-based analysis. 
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We compute the contributions, marginal nvaRs and 
best hedge positrons using a pure non-parametric 
approach (i.e., corresponding to the piecewise-Iinear 
nTRP). as well as a third-order polynomial approximation 
to the nTRP. This analysis is summarized in Table 8. 
The results of the polynomial approximation appear 
in parentheses. 

The magnitudes of the nVaR contributions are quite 
large, ranging from -2387% (Mitsubishi Psep30 800) 
to 2151% (Komatsu Cjun2 670). This is due to the fact 
that the portfolio is highly-leveraged and well-hedged, 
so that the risks Incurred by individual positions tend 
to offset each other to a large extent. In particular, 
considering the relative sizes of the positions in the 
portfolio, note that the Komatsu Cjun2 670 position 
stands to gain considerably if the market appreciates 
while the Mitsubishi Psep30 800 position acts in the 
opposite manner. More generally, as indicated by their 
negative contributions, the two short calls and the two 
long puts act as a hedge for the portfolio, protecting 
against drops in the NIKKEI index. 

The contributions (and the marginal nvaRs) calculated 
using the polynomial approximation to the nTRP are 
roughly half the size of those obtained by the pure non- 
parametric approach. As will be discussed shortly, this is 
due to the smoothing effects of the approximation. Note, 
however, that the relative sizes of the contributions 
among all instruments are the same in both cases (i.e., 
they yield an identical ranking of the instruments in 
terms of the nVaR contribution). 

Based on the marginal nVaR, the most attractive 
possibilities for lowering the overall portfolio risk include 
any one of the following trades: reducing the current 
holdings in Komatsu Cjun2 670 or Komatsu Cjun2 760, 
selling one of the common stocks, or shorting additional 
calls on Mitsubishi (i.e., Mitsubishi Cjul29 800). 
Purchasing additional units of Mitsubishi Psep30 800 
is also a promising option. 

If it is feasible to hold an instrument at its best hedge 
position, then Komatsu Cjun2 760 offers the greatest 
potential for reducing risk (i.e., a reduction of 42.2%). 
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Mitsubishi 

Komatsu CJUI29 900 
Mitsubishi C)ul29 800 
Mitsubishi Csap30 836 
Mitsubishi EC 6mo 860 
Komatsu C|uii2 760 
Komatsu C|un2 670 
Komatsu PaugSl 760 
Komatsu PaugSl B30 
Mitsubishi Psap30 800 
TaWa 7: NIKKEI portfolio 
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Note the close agreement between the best hedge 
positions as determined by the nTRP and by 
the polynomial approximation. 

Smoothing and the Pofynomial Approximation 
Figure 8 shows the nTRP and its polynomial 
approximation for one of the Mitsubishi call options. At 
the current position (11,500), the nTRP is more steeply 



sloped than the polynomial, which results In a larger 
marginal nVaR (i.e., 575 versus 329). Note that 
smoothing counteracts discrepancies caused by the 
piecewise linearity of the nTRP. This is particularly evident 
at a position of 7,000; here, the nTRP slopes upwards, 
implying a positive marginal nVaR, while the negative 
marginal nVaR derived from the approximation is more 
consistent with the general shape of the trade risk profile. 
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Position ; 



4 5 6 7 6 9 10 11 12 13 
Position, X/, (thousands) 
flgm ft nTHP and polynomial approximation for Nftsubisltl EC &noB60 

To illustrate the effects of increasing the number of 
scenarios on the nTRP, the NIKKEI portfolio was also 
simulated over 2,000 and 5,000 scenarios. These 
scenario sets are obtained by first adding 1,000, and 
then a further 3,000 scenarios to the initial scenario set. 
Figure 9 plots the 5,000-scenario nTRP along with each 
of the polynomial approximations. The curves tend to 
shift downwards, suggesting a smaller nVaR, as the 
number of scenarios is increased. However, we note that 
they remain within the 95% confidence interval for nVaR. 
calculated for the 1,000-scenario simulation, at the 
current (11,500) and best hedge positions (9.100). 
While increasing the number of scenarios creates more 
segments in the nTRP (compare Figures 8 and 9). 
sampling error remains a concern even at the 
5,000-scenario level (i.e., one can find segments 
on the nTRP whose slopes are inconsistent with 
those of the polynomial approximation). In contrast, 
the approximations tend to provide more consistent 
gradient information. 

It should be noted, however, that even when using the 
polynomial approximation, we observe inconsistencies in 
the nVaR contributions (i.e., a position that contributes 
positively to VaR in one analysis is found to have a 
negative contribution in another). Since the portfolio 
nVaR is extremely small relative to the individual position 
nVaRs in this case, slight errors in the polynomial 
approximations may combine to change the sign of the 
denominator in Equation 12. This should only be viewed 
as a concern for well-hedged, highly-leveraged portfolios, 
such as the one considered in this example, rather than 
for portfolios containing options in general. 



3.e t — 




1.8 , , , , , , , , 

4 5 6 7 8 9 10 11 12 13 
Position, x ( , (thousands) 

flgnra ft: nTRP and polynomial approiimations for Mitsubishi EC 6mo 160 



Conclusions 

This paper has examined tools for VaR-based risk 
management. Tools for decomposing VaR, assessing its 
marginal impacts and constructing best hedges, allow 
managers to understand the sources of risk better and 
to manipulate the portfolio to effect the desired changes 
in risk. The analytical techniques that derive from the 
parametric, or delta-normal, VaR form the basis of a risk 
manager's toolkit when dealing with portfolios of linear 
instruments. The simulation-based tools developed in this 
paper extend these capabilities to portfolios that contain 
non-linearities or are subject to non-normal market 
distributions. An attractive feature of these methods is 
their need for only a single simulation to obtain the 
Mark-to-Future values of the instruments. Furthermore, 
it is straightforward to incorporate new instruments 
into the analysis by simulating them independently of 
the portfolio itself. Thus, while our analyses considered 
trading only those instruments currently held in the 
portfolio, it extends naturally to encompass so-called 
incremental VaR. Specifically, it is only necessary to 
simulate the additional instruments to be considered. 
Once their Mark-to-Future values have been obtained, 
the instruments can be easily incorporated in any 
marginal nVaR analysis by assigning them a current 
position of zero. 

We note that sampling errors can occasionally yield 
inconsistent results under the simulation-based approach 
to VaR. Hence, we propose fitting a smooth curve to the 
(piecewise-linear) trade risk profile to obtain more robust 
estimates of the VaR contribution, marginal VaR and best 
hedge positions. The techniques are demonstrated on a 
portfolio of European options that is poorly-suited for 
parametric analysis. The results show that a smooth 
approximation to the nTRP improves the reliability of 
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marginal VaR estimates, although caution is required 
when interpreting VaR contributions for well-hedged, 
highly-leveraged portfolios. 

The accuracy of the simulation-based analysis, in light 
of potential sampling error, is a subject worthy of further 
investigation. The polynomial approximation to the nTRP 
is a fairly simple one; the use of splines or other 
functions may be a preferable approach. In this paper, 
we have only considered smoothing the trade risk profiles. 
A more ambitious strategy might seek to fit a probability 
distribution to the losses themselves and then estimate 
VaR based on this distribution. This would in fact 
eliminate the piecewise linearity of the nTRP that is 
characteristic of the current approach. Furthermore, 
we anticipate that alternative risk measures, such as 
expected shortfall, or regret, will exhibit more robust 
behaviour than nVaR, which relies exclusively on the 
threshold scenario. <§> 
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Appendix 

Calculating Parametric VaR 

Consider a portfolio with N holdings that is exposed to 
W market risk factors. Each instrument in the portfolio is 
decomposed into a set of risk factor positions so that the 
change in the instrument's value, At',, can be expressed 
linearly in terms of the risk factor returns: 

VT' 

(AD Av ( = £ m^r k 

k » i 

Recall that the vector m* is the VaR map of instrument i. We 
can express the change in the value of the portfolio as the sum 
of the changes in the values of its holdings: 

t ~ I k ~ i 

From the definition of the portfolio VaR map (Equation 2|, we 
can write Equation At more compactly as 

AV(x) = m(x) T r 

Note that AV(x) is normally distributed with mean zero and 
variance m(x) T Q*m(x), so that the 100(1 * ct)% VaR is 

VaR(x) = Z a Jm(x) T Q*m(x) 

Defining Q « Z£Q* (e.g., = 1.645} yields Equation 1. 

Parametric Trade Risk Profile 

To construct the trade risk profile for instrument t, fix the 
positions in all instruments other than i to their current values 
and consolidate them into a base portfolio position i h Denote 
the single-unit volatilities of instrument i and the base portfolio 
by o, and Oj, respectively, and their correlation by p a .The 
volatility of the portfolio is 

°< x > ° + +2p tl (x t o t )(xp t ) 

Since 

VaR(x) = Z a a(x) 

it follows that the trade risk profile is a curve of the form 

m fU t ) = JaifTbx^Tc 

where a = (Z a ai) 2 t b = 22^^ and c = (Z a a t x t /. 
Differentiating Equation A2 with respect to x i yields 

dfiXj) _ 2ajr,+ h 
<**i = 2/t*,-) 



Since fix) is strictly positive, the unique minimum occurs at 
the best hedge position 

x *= - — = - P ' i<r ' X ' 
' 2a a, 

It is straightforward to show that/ty is symmetric around 
this point 

Simulation-based Trade Risk Profile 

To construct the nTRP for instrument i, let us fix the positions 
in all instruments other than i to their current values. The 
loss incurred by the portfolio in scenario / (see Equation 8) 
can be written 

where AV^ includes the losses due to all instruments other 
than i. If we plot portfolio losses against the position in 
instrument i, then each scenario j gives rise to a line Lfx) with 
slope Av ti and x-intercept -AV^ / Aiy The piecewise linearity 
of the nTRP follows from the fact that it is composed of 
segments from these lines. Specifically, the nTRP consists of 
the segments defined by the threshold scenario at each 
position. This is illustrated in Figure A1, which shows a nTRP in 
which the threshold scenario is always the one with the third - 
largest loss. Note that each nTRP segment lies on the third line 
from the top. 




Position, x, 



Rgara A1: Ex a rap to of * nTRP [in bald) 

In general, the threshold scenario can change whenever the 
line LJxJ intersects that of another scenario. An algorithm 
that constructs the trade risk profile and finds the best hedge 
position is described in Mausser and Rosen (1998). 
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